Overview of the MAUD architecture
& new applications of OpenMDAO v2
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Several new MDO applications have been
recently developed in OpenMDAO

» Nanosatellite MDO 2014

» Aircraft design-allocation optimization 2016

» Alircratft trajectory-propulsion optimization 2017
» Electric aircraft MDO 2018

» Aerostructural optimization with morphing 2018

» Topology optimization 2018



The common thread Iin these examples
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The abillity to solve large-scale problems
affords significant flexibility
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Gradient-based opt. is key to large-scale
but derivative computation is the bottleneck

Gradient-based (SNOPT) o /’
41 Iterations ‘-'
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MAUD was developed to simplity efficient
differentiation of multidisciplinary models

MAUD: modular analysis and unified derivatives

(objective, constraints)

Inputs f
(design variables)
Derivatives
df
dx
The most efficient method for computing — s different for each model

dx
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Outline

1. MAUD: mathematical formulation and theory

* Unitication of the methods for computing derivatives

* Automation of a significant part of derivative computation
2. MAUD: algorithmic aspects

* Hierarchical solution for minimal overhead

* Automated parallelization

3. Overview of OpenMDAOQO v2 applications
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Derivatives are computed in two steps:
(1) partial derivatives (2) total derivatives

Component
INnputs

Component
outputs

Partial derivatives:

» Derivative of a with
respect to one of its arguments

» A local property computed at
the component level

» Methods: FD, CS, AD, symb., ...

- .
Model ' Model
. —> —>
inputs outputs
Total derivatives:
» Derivative of a with

respect to another variable
» A global property computed at the

model level

» Methods: FD, chain rule, adjoint, ...

MAUD unifies all of these methods




1. Two sequential discip

-D
-D

(]

—xamples of total deriva:

= Vi ()

ve computation
INes: chain rule

<— Discipline 1

— yz(l“, y1) <—— Discipline 2

Objective &
p— 4_ 1
/ f(:v,yhyz) Constraints
dyis _ 01
de  Ox
_ % e 8)/2 | 8372 dyl
Chain rule de ~ Oz | Oy, dx
df _ 9F | OF dy1 | OF dys
dr ~  Ox ! 8y1 dx | 83/2 dx
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—xamples of total derivative computation

2. Implicit discipline: direct/adjoint method

D

Direct method

Rz, y) =0 « States defined
’ implicitly

= Flx, Objective &
f ( y) h Constraints

orT gt _  orT
Jy dr Jy

df _ 0F | df OR
dr — Ox ' dr Ox

Adjoint methoad
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—xamples of total derivative computation
3. Two coupled disciplines: GSE method

y1 = M (55792) <— Discipline 1

Y2 — y2($7y1) <—— Discipline 2

B Objective &
J=F(@,y1,92) * Constraints

T 0Y1 dy1 A%} T 0V df oF
Oy r | — | Ox Jy1 déﬂ _ | 9yz1

_ 9> dys A% _o9W 7 af oF
oY1 dx ox ] O0yo | | dya i 0yo |

df _ 0F | OF dyr | OF dyz df _ 0F | df 0Y1 | df 0)o
de — Ox ' Oy, dx ' Oys dzx de — Ox ' dy; Ox ' dya Ox

Forward form Reverse form
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We can unity all methods tor computing
total derivatives using a single equation

- It you are curious about the detalils:
-; 0(R™') OR™ du O (R
or  Ou ar - or
Inverse
Function
Theorem T T
R(1) = 0 e (0T A0 - OB du
ou dr ou dr

reformulate
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By choosing the right u & R, each method
can be derived from the unifying equation

ORdy _ _OR
oy dx oy

T 9 rdy V1
dif _ 8F |, OF d oys 5 [fy]:[aaf]
s =05t onde o L d Bo

Direct method i GE U G o

[

OR du ORT du’ ) i,
— I — _> I’U|€ T oz dy1 dz

Ou dr Ou dr i _or | oFdy | oF du
\ \ ic = oo T oy de T bys do

Adjoint method oy.1 [ af or
T =570 lan| _ |am
GRT dfT 8]_—T O i - | OF
- - — == 8y2 dy 8y2

oy dr oy
df _ OF daf oy af oy
df _ 8F , df R de = 0z T dy; 0z 1 @y ox

dac_(‘?ac—'_%aa:
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Example: the direct / adjoint method

g Riz,y)=0
f:]:(aj,y)

OR d ORL du?t
U I U
ou dr ou dr
OR OF
A 0 0 A 0 0 A 0 0 A 8_ _6_90
oR R dy dy = = oR  _0F
O dy 0 dz dry 0 : ’ ’ ’ %y %
OF OF df df
8_ ay A d_ q T 0 0 T 0 0 T

15




Significance: when bui

total derivative compu

l[ding large models,

ation IS automated

Components  Variables

v v

E

1. We implement our components and their partial derivatives

2. Solving the unifying equation automatically applies the right method
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Outline

1. MAUD: mathematical formulation and theory

* Unitication of the methods for computing derivatives

* Automation of a significant part of derivative computation
2. MAUD: algorithmic aspects

* Hierarchical solution approach

* Parallel execution

3. Overview of OpenMDAO v2 applications
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Running the model now becomes
solving a system of equations

Outputs Solve the
(objective, = nonlinear system,
Inputs Constramts R(u) =0
(design
varlables
Derlvatlves - Solve the linear system,
Model OR du ORT du”

7
Ou dr ou dr
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To solve these systems efficiently,
we use hierarchical solvers

)
W

G1 G2

)
N

At each level in the hierarchy, we will apply the
appropriate solver (nonlinear and linear)
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-or Group 1, its subsystems are sequential

D L] L] L] L]

)
W

G1 G2

)
N

G2 T

a

Since all dependencies are at this level,
a single iteration is sufficient
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—or Group 2, its subsystems are decoupled

G1 G2

Since there are no dependencies at this level,
a single block Jacobl iteration is sufficient
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—or Group 3, its subsystems are coupled

),
W

G1 G2

)
N

Since the dependencies include a feedback loop,
a (nonlinear or linear) solver is required.
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We can parallelize anywhere

at any level in the hierarchy

For instance, if we run this model with 4 processors: Proc
1234

G2

G1

In group G1, it does
not make sense to
parallelize.

C1: 4 processors
G2: 4 processors
C6: 4 processors

G3

G2 G4

In group G2, it does
makes sense to
parallelize.

G3: 2 processors
G4: 2 processors

23

In group G3, we might
parallelize based on
our solver (say we do).

Comp 2: 1 processors
Comp 3: 1 processors



Significance: we can assign solvers and/or
choose to parallelize at any level
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OpenMDAO v2 methods and applications

1. New methods

* Reconfigurability

* Ozone: ODE and optimal control solver library
2. Recent applications

* Topology optimization

* Aircraft design-allocation optimization

e Electric aircraft MDO

25



OpenMDAO v2 methods and applications

1. New methods

* Reconfigurability

* Ozone: ODE and optimal control solver library
2. Recent applications

* Topology optimization

* Aircraft design-allocation optimization

e Electric aircraft MDO

20



Reconfiguration: changing the model
In the middle of running it

Changing variable sizes/adding or removing variables:

» Adaptive time stepping

» Overset/unstructured CFD Gmrp1
» Adaptive mesh refinement |
»  Multi-fidelity optimization Grorpz
GroLpS Gro!Jp4
Changing the hierarchy/parallelization:

| |
» Adaptive preconditioners m m m m

» Adaptive globalization methods

» Automatically partitioning solvers

27



Reconfigurability is used for adaptive
optimization of an aircraft mission profile

28
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Optimization with a single adaptive
refinement Is the most efficient

o Optimality
3 103 R~
g 2 10~4
f 10-° i
- 010 Feasibility
O 10—9 1 O 10_8
10— | | | | | > 10719 1 1 1 | |
50 100 150 200 250 50 100 150 200 250
Function evaluations Function evaluations
No refinement With refinement
(~520 s) (~470 s)
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OpenMDAO v2 methods and applications

1. New methods

* Reconfigurability

 Ozone: ODE and optimal control solver library
2. Recent applications

* Topology optimization

* Aircraft design-allocation optimization

e Electric aircraft MDO
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ODEs or optimal control problems
are often found in MDO

For example, in the problem we just saw:

Optimizing the aircraft altitude profile...

25
Alt (103 ft) / \
0

20
Fuel (10° 1b)
0

Range

...1o minimize fuel burn over the mission

deuel / dt = f(queI)
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There are many families of methods
but we require them to be differentiated

3./ — f(ta y)

Explicit methods — | T Multistage methods
(e.q., forward Euler) (e.g., Runge—Kutta 4)
Yn+1 = Yn + hf(tn, ?/n) et = g (b 2R+ 2k 4 R,

ki =f(tn’yn),
ko = f(tn + %ayn + gkl),
Implicit methods k3=f(tn+%,yn+gk2),
(e.9., backward Euler) Ry = f(tn + Iy yn + Roky).
Yer1 = Yk + hf(ths1, Yri1) v
Multistep methods

(e.qg., 2nd order BDF)

Yn+2 — %yn+1 + %yn

34

= %hf(tn+2s yn+2)



All major ODE integration schemes are
unified by general linear methods (GLM)

Y :f(tay)

General linear methods formulation:
Y:L:Zha%]FJ+Zuwy£n_l]a 7;:17'“737
j=1 j=1

yin] — Zhb”Fj +Zvijyj[-n_1], 1 = 1,...,7“,
j=1 j=1
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error

error

Ozone is a new ODE solver library for
OpenMDAO v2 based on GLM
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error

error

Ozone is a new ODE solver library for
OpenMDAO v2 based on GLM
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2 steps of forward Euler (time-marching
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2 steps of backward Euler (time-marching)
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2 steps of RK4 (time-marching)
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A new vectorized formulation

41



OpenMDAO v2 methods and applications

1. New methods

* Reconfigurability

* Ozone: ODE and optimal control solver library
2. Recent applications

* Topology optimization

* Aircraft design-allocation optimization

e Electric aircraft MDO
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Topology optimization (SIMP) treats every
element’s density as a continuous variable

43



The 2-D FEM solver and
optimization are all entire

X
b4
multipliers |

he topology

vy in OpenMDAO
n
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OpenMDAO v2 methods and applications

1. New methods

* Reconfigurability

* Ozone: ODE and optimal control solver library
2. Recent applications

* Topology optimization

* Aircraft design-allocation optimization

e Electric aircraft MDO
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Allocation-mission-design optimization
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Background: aerostructural optimization
studies minimize estimated fuel burn

R\ A A
‘ >

Select a single Select points (M1, CL1) ... (Mn, CiLn)
design mission range, R and their weights w1 ... wn

minimize w1 fo(R, M+, CL1) + ... + wn TO(R, Mn, Cin)

with respect to the aircrait design

47



In reality, the allocation, mission profiles,
and design should be optimized together

maximize airline industry-level profit

with respect to design: shape, twist, area, sweep

mission: Mach number, altitude profile | : :
>

airline allocation: flights per day

Why?
- Alircraft often flown below their design range

- Determine optimal design/sizing based on current fleets
- Model next-generation designs and morphing technology
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36 CFD analyses are performed
to train a surrogate model in the loop

.. ; Cruise Mach, Pax/flight,
/ Twist, shape/ / alt. profile / / flights /day /
Vol., thickness eometry
/ constraints / Qnesh W&I‘plng) m
CFD solver » / Training data /
Aerodynamic Lift, drag
surrogate coefficient
Thrust, slope Angle of att., Mission Fuel burn &
constraints Mach number analysis block time
Profit, alloc. Allocation
constraints model
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We developed a new surrogate model
based on nonlinear minimal-energy splines
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Overall model
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36 CFD groups
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128 mission analysis groups

LRI UL R Nl B DL i Rl Bl IRR N i Dl IR NI SR Dl IR AR il DL IR BRI DL DL NI BRI Dl AR il il
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Inside a single mission analysis
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OpenMDAO v2 methods and applications

1. New methods

* Reconfigurability

* Ozone: ODE and optimal control solver library
2. Recent applications

* Topology optimization

* Aircraft design-allocation optimization

e Electric aircraft MDO
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Large-scale design-missior
of an on-demand mobillity e

Optlmlzer

Prop sizing
wing area

Stall speed
constralnts

Structural
constramts

constramts

Thermal
constralnts

Equatlons
of motion

[
[
/ Battery
[
[

Geometry

Struct., prop,
Prpor,
battery sizing

Wing span, chord

Weights

y =

RPM profiles

Prop sizing
Speed/alpha
profiles

optimization
ectric aircratft

Structural sizing H RPM profiles /—/ Speed/alpha profiles /

Wing span, chord H Wing span, chord /

Propeller analysis

=

/%N ing aerodynamics

WeI'

Loads

Structures »

OWGI‘

drag

Battery » Discharge rate /

Temperature »

Total welght

Thrust

Mission »

analysis

Weights

Energy usage



The 2-way propeller-wing interaction Is
modeled using the vortex lattice method
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This Is coupled to blade element
momentum theory with slipstream evolution
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The VLM Is also coupled to a 1-D FEA
solver with spatial beam elements

Major Iteration: O twist 0

0.2

-1 0 1
le?
24 fallure imit
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MAUD simplities derivative computation,
but many challenges remain for large-scale

e.g.,

gradient-free optimization
parameter sweeps
ModelCenter

Number of
disciplines

c.g.,
CFD-based optimization

topology optimization
aerostructural optimization

Number of design
and state variables
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