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MULTIFIDELITY ROTOR OPTIMIZATION USING A MODERN
COMPUTATION AEROMECHANICS TOOLCHAIN
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Ananth Sridharan, Science & Technology Corp., Moffett Field, CA, USA

ABSTRACT

A multifidelity surrogate optimization procedure is demonstrated for aerodynamic design of a rotor. The rotorcraft
comprehensive analysis CAMRADII is used as a lower fidelity, fast running solution. Higher fidelity solutions are
calculated using the CFD solver HELIOS. Best practices in meshing and solution settings which balance overall ac-
curacy with computational efficiency for the higher fidelity method are explored. The higher fidelity solution takes
approximately 6 orders of magnitude more computational resources to complete. Through successive epochs of op-
timization and surrogate updating it is shown that the process can reach similar optimal values as optimization on
a more densely sampled multifidelity surrogate, addressing the curse of dimensionality concern that often arises in

optimization and lower the overall computational cost.

NOTATION
Symbols
c chord design variable
R rotor radius, m
r/R non-dimensional rotor radius
T vector of design variables
T; it" vector of design variables
T1p lower bounds on design variables
ZTub upper bounds on design variables
¥ optimal design
Y higher fidelity analysis objective value
Y lower fidelity analysis objective value
Y multifidelity surrogate objective value
Uhi higher fidelity surrogate objective value
Ulo lower fidelity surrogate objective value
0 twist design variable
p scaling factor between ¢y; and 9,
o(9) variance of multifidelity surrogate
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Acronyms

AvMC Aviation & Missile Center

DE Digital Engineering

CA Comprehensive Analysis

CPU Central Processing Unit

CFD Computational Fluid Dynamics

CSD Computational Structural Dynamics

DDES Delayed Detached Eddy Simulation

DEVCOM U.S. Army Development Command

DLR German Aerospace Center

DSRC Defense Supercomputing Resource Center

GPU Graphical Processing Unit

GPR Gaussian Process Regression

HART-II  2nd HHC Aeroacoustic Rotor Test

HHC Higher Harmonic Control

InDeWo  International Design Workshop on Rotor
Blade Optimization

JAXA Japanese Aerospace Exploration Agency

ONERA  The French Aerospace Lab

RANS Reynold’s Averaged Navier-Stokes

YAML Yet Another Mark-up Language

INTRODUCTION

The U.S. Army Combat Capabilities Development Command
Aviation & Missile Center (DEVCOM AvMC) continues to
maintain an interest in enhancing its ability to perform Digital
Engineering (DE). A recent Army Directive (Ref. [1) on DE
further emphasized the importance of moving from a design-
build-test approach to a model-analyze-build approach in sys-
tem development and acquisition. Advances in computational
power and software algorithms in recent decades have directly
lead to an improved ability to accurately predict performance,
loads and flight dynamics of rotorcraft using physics-based
modeling and simulation (Refs.|2-4). In the area of rotorcraft
aeromechanics analyses, recent results (e.g. (Refs. 51/6)), have
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demonstrated that simulation models can predict test results
with accuracy sufficient to enable the move from a build-test
to model-analyze paradigm.

While the prediction accuracy of computation analysis can
approach physical testing, the computational cost of obtaining
these results is still a major hindrance to realizing the vision of
DE. Recent work on GPU based rotorcraft computational fluid
dynamics (CFD) (Refs.[7,/8) offers hope of a significant speed
up in computational times compared to legacy CPU based ap-
proaches. However, when used in designing a virtual proto-
type, as envisioned in DE, this computational speed-up may
be insufficient to offset the increased cost in total computa-
tional resources needed to support the inherent iterations re-
quired of a design process. All design/optimization methods
require some form of iterative information gathering where a
design space is sampled at multiple points, information gath-
ered and used to update the design and then sampled again
based on that update, repeating until some terminating crite-
ria is met. These methods, whether they be ad hoc human
in-the-loop approaches, formal gradient based optimization
searches, or gradient free search algorithms, all typically re-
quire orders of magnitude more simulations than is necessary
for the simple fixed design analysis problem.

A variety of multifidelity approaches to rotor blade opti-
mization have been reported on previously. Leusink et al
(Ref. 9) used a lower-fidelity comprehensive analysis (CA)
to search the full design space. This was then followed by
sampling a subset of the design vector space near the ini-
tially identified optimal design using higher fidelity analysis
to built a Gaussian process regression surrogate upon which
a 2nd round of optimization of was preformed. Such an ap-
proach demonstrated an ability to identify an optimal design
using fewer higher fidelity functional evaluations than would
have been required for an approach that started with building
a higher fidelity surrogate directly on the full design vector
space. Collins and Sankar, (Ref.|10) and Wilke (Ref.|11) have
demonstrated the use of multifidelity surrogates for rotor op-
timization, reducing the number of higher fidelity simulation
evaluations required. These multifidelity approaches compare
favorably to those which operate on surrogates built solely
from higher fidelity simulations, or attempt to optimize on the
higher fidelity simulation model itself. In multifidelity sur-
rogate modeling, results from a lower fidelity, computation-
ally cheaper, model are corrected with a small sampling of the
higher fidelity analysis. The primary concern in multifidelity
surrogate modeling then becomes establishing a heuristic for
choosing how and when to sample the higher fidelity analysis
to balance between accuracy and cost.

In this paper, use of the rotorcraft aeromechanics CA tool,
CAMRADII (Ref. |12), as a lower fidelity analysis combined
with the CREATE™-AV HELI1OS (Ref.|13) CFD framework
for higher fidelity analysis in a multifidelity approach is ex-
plored. Such an approach is beneficial because lower fidelity
CA models has been shown to capture many of the relevant
aeromechanical phenomena of rotors, while enjoying execu-
tion times of around 0.25 CPU-hr per analysis point. This
compares very favorably to the 10,000s of CPU-hr typically

Table 1: 2nd InDeWo Rotor Blade Optimization Design Con-
ditions

Hover  Cruise
Pressure Altitude 30m
Air Temperature 17.3°C
Lift 5,582 N
Drag Area 0sg-m 0.2 sq-m
Roll & Pitching Moment 0 Nm
Horizontal Speed 0 m/s 66 m/s
Rotor Speed 1042 RPM
Thrust Weighted Chord 0.121 m
Solidity (TW) 0.077

required to calculate an analysis point in CFD. DE virtual pro-
totyping becomes a tractable problem if an analysis approach
can be developed where the computational cost is similar to
comprehensive analysis, but with accuracy approaching that
of CFD.

As a test case for exploring the multifidelity optimization
approach proposed here, optimization is performed on a com-
mon hover case proposed as part of the International Design
Workshop (InDeWo) on Rotor Blade Optimization (Ref. |14).
The case is based on optimizing the HART-II rotor for a hover
and high speed forward flight condition, and extends work
performed by DLR, JAXA and ONERA in a tri-lateral re-
search activity (Refs.|15}/16). Their approaches are variations
of using blade element theory with fast prescribed wake or
dynamic inflow model for lower fidelity predictions that are
then combined with RANS CFD based higher fidelity pre-
dictions using various surrogate modeling techniques. Fo-
cusing on a common optimization problem allows for easier
comparison of results and methodologies between the partici-
pants, helping to indentify strengths and weaknesses of a va-
riety of approaches. Details of the multiobjective optimiza-
tion problem are given in Table [l Hong et al. (Ref. [17)
reported related work for the hovering condition, including
airfoil shape optimization using a neural net airfoil surrogate
coupled with CAMRADII. Unlike others in the workshop,
Hong’s research tried to incorporate higher fidelity informa-
tion by adjusting free wake modeling parameters in CAM-
RADII using wake geometry information extracted from 3D
CFD. The optimum found using the tuned CA is then assessed
in CFD to establish expected performance.

The present paper explores the use of the CAMRADII
free wake as the lower fidelity analysis, similar to Hong,
but coupled with higher fidelity HELIOS CFD analysis using
a multifidelity surrogate model similar to the approaches of
DLR, ONERA and JAXA. The current approach successively
samples the higher fidelity analysis in a search for an opti-
mum design proceeds. Thanks to the availability of U.S. DoD
supercomputing resources, it is possible to sample higher fi-
delity cases with finer mesh resolution than done by other In-
DeWo participants.
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Fig. 1: Overall multifidelity optimization process

MULTIFIDELITY TOOLCHAIN OVERVIEW

The overall design process is outlined in Figure [T} The pro-
cess starts with sampling the design space using the lower fi-
delity CAMRADII model on 100s of design points using a
Latin hypercube sampling strategy. From this initial sample
population, Gaussian process regression (GPR) models are
constructed for each of the objective and constrain functions
of interest using the CAMRADII results, along withHELIOS
results for the initial design to initialize the multifidelity sur-
rogate model. An initial optimization epoch is then per-
formed on the resulting surrogate using the NSGA2 opti-
mizer (Ref.|18). The optimization is allowed to continue for
up to 40 generations, using a population size that is at least 5x
the number of design variables. At this point in the process,
additional higher fidelity information is introduced by sam-
pling HELIOS using design points from the Pareto frontier an-
chor points. Anchor points are those design points which are
individually most optimal in a particular objective function,
the total number of anchor points therefore corresponds to the
total number of objectives in the multiobjective problem. If
the multifidelity surrogate model is not yet converged, addi-
tional points, which do not lie on the Pareto frontier, are cho-
sen in the design space and sampled with the higher fidelity
analysis as well. These additional points are needed to prevent
the algorithm from only searching in the local neighborhood
of the initial surrogate optimal values. This diversity in the
search accounts for the potential that the initial multifidelity
surrogate is not of sufficient accuracy to correctly identify all
potential optima in the higher fidelity design space. Optimiz-
ing on such a surrogate may falsely converge to a globally
sub-optimal region, unless additional information is available
to improve the multifidelity surrogate in areas away from that

region. The results from HELIOS are then used to update the
surrogates for each objective and constraint function.

These updated surrogates are the basis for optimization in
the proceeding epoch, which again consists of performing an
NSGAZ2 search on the update surrogate, followed by high fi-
delity sampling based on the Pareto frontier anchor points.
The process proceeds through successive epochs until the fol-
lowing convergence criteria are met:

1. the change in location of the Pareto anchor points, as
measured by the L2-norm of the distance between the
successive anchor points is less than a specified toler-
ance, and

the maximal change in a set of surrogate values for a
set of well spaced control points, chosen using an initial
Latin hypercube sampling, between successive epochs is
less than a specified tolerance (indicating global conver-
gence of the surrogate model).

Additionally, a limit on computational resources and time may
terminate the algorithm and require human-in-the-loop deter-
mination if additional computations are required, or if the so-
Iution found is of sufficient quality to meet the engineering
need.

The intent of this approach is to judiciously limit the num-
ber of higher fidelity solutions required, recognizing that for
the purpose of design, accuracy of the surrogate is only of
primary importance near the ultimate optimal design point.
It does not strictly matter if a point away from the optimal
design point is 1%, 10% or 100% worse than the optimal
design. Practical rotor design problems can often be non-
convex; some exploration using high fidelity away from the

Approved for Public Release.

3



Approved for Public Release.

initial optimal points is desirable to avoid premature settling
of the optimization algorithm into a local optima. Further-
more, the use of a free wake CA model is explicitly chosen as
the lower fidelity model because it has been shown to reason-
ably capture trends and in some instances approach the same
level of accuracy as higher fidelity CFD models with much
lower computational cost.

The algorithm described above, notably has very het-
erogeneous computational requirements for its various ele-
ments. The multifidelity optimization problem has been im-
plemented on the U.S. Defense Supercomputing Resource
Center (DSRC) using our previously developed Tool for Op-
timization of Rotorcraft Concepts (TORC) (Ref.|19). TORC
is a lightweight Python framework which allows users to
rapidly assemble analysis workflows using either Python na-
tive (e.g. HELIOS) or Python wrapped legacy analysis tools
(e.g. CAMRADII). Users specify the workflow in a com-
puter agnostic manner via a YAML input file, and TORC
manages the file system, analysis execution, and data collec-
tion processes to complete the specified workflow. For the
present work, the HELIOS wrapper has been updated to in-
clude Python utility functions which automate the generation
a rotor blade strand meshes from an arbitrary input of the dis-
tribution of chord, twist, sweep, anhedral, and airfoil cross-
sections using the BLADEGEN tool (Ref. |[20), along with gen-
eration of the associated MELODI input files need for force
calculations and CFD/CSD coupling.

Helios Modeling

The HPCMP CREATE™program and DEVCOM AvMC have
collaboratively developed the high-fidelity simulation frame-
work HELIOS for rotorcraft analysis. The HELIOS framework
provides the ability to select from a number of different mod-
ules to perform overset multi-mesh CFD analysis. The abil-
ity to select analysis modules, and tailor the size and refine-
ment of the temporal and spatial solution mesh, presents op-
portunity for making important marginal reductions in com-
putational cost per solution point. These marginal savings
can result in large improvements in performance for an op-
timization problem where many 10s of CFD solutions may
be required to reach optimality. In the off-body region, OR-
CHARD (Ref. [7) is utilized to solve the Reynolds-averaged
Navier Stokes (RANS) equations on a fifth-order spatially ac-
curate Cartesian mesh. The RANS equations were solved in
the near-body region using the MSTRAND solver (Ref. 20).
This solver is ideal for the current application because, when
coupled with the BLADEGEN surface mesh generation tool,
the entire mesh generation process is automated, starting from
a parametric description of the geometry.

BLADEGEN generates a structured surface mesh along the
span of the blade, terminated on each end with unstructured
end planes or rounded caps. As seen in Figure [2] the surface
mesh has clustering of points chordwise towards the leading
and trailing edges, as well as spanwise with clustering towards
the tip and root. The exact location and minimum mesh spac-
ing is specified as part of the input, along with airfoil 2D cross
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Fig. 2: BLADEGEN generated surface mesh and cross section
of near-body mStrand mesh

section point information and spanwise variation of chord,
twist, sweep and anhedral. In this study the airfoil has a blunt
trailing edge, with 5 points placed along the trailing edge, re-
sulting in an O-like strand mesh topology around the airfoil
cross-section. The number of points in both the spanwise and
chordwise wrap-around directions were varied, as shown in
Table |2 to help establish settings for HELIOS to use when
optimizing. Compared with previous work by other partici-
pants in InDeWo (Ref. |15)), the near-body meshes used in the
current work are at least twice as fine.

For the purpose of optimization, capturing the correct
trends and location of optimality with respect to the design
parameter values is the primary concern, and not the absolute
magnitude of the objective functions themselves at a given
combination of design parameter values. Once an optimal
design has been identified, post-optimization runs in higher
fidelity using alternative solution settings and more computa-
tional resource may be acceptable to reduce the uncertainty in
the predicted magnitude of objective functions for the previ-
ously identified optimal design parameters.

Changes in azimuthal time step and near-body and off-
body mesh size were explored on the baseline HART-II rotor
case at a nominal hover collective of 10°. A summary of the
various modeling permutations with resulting computational
cost is given in Table [2] while the predicted thrust and power
is plotted in Figure [3] along with results from CAMRADII
free wake and wind tunnel test data at identical atmospheric
conditions (Ref. 21). Convergence histories for the 6 cases
are shown in Figure [4] all cases were run as time accurate,
unsteady in HELIOS. The cases which used a time step cor-
responding to an azimuthal advance of 0.25° per step show
good convergence of figure of merit after 12 to 14 rotor rev-
olutions, while the coarser 0.5° per step cases need upwards
of 20 rotor revolutions to reach a periodic state. In particular,
case 6 with a coarser time step and coarsest off-body mesh
size requires not only longer to settle to a steady mean figure
of merit value, but also shows a significantly higher oscilla-
tory variation at frequencies higher than 1/rev.

Case 1 is slightly coarser in both near-body and off-body
meshes than the finest meshes run previously for HART-II
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Table 2: Summary of mesh and solution parameters examined for HART-II 10° collective condition

Case 1 2 3 4 5 6
Number of points around airfoil 494 202 494 202 202 202
Number of points spanwise along blade 177 121 177 121 121 121
Tip spanwise spacing (%R) 0.0086 0.05 0.0086  0.05 0.05 0.05
Near-body grid size per blade (x 10°) 8.2 2.0 8.2 2.0 2.0 2.0
Finest off-body cell size (%c) 6.5 6.5 6.5 6.5 6.5 12.9
Off-body grid size (x10) 123.1 123.1 123.1 123.1 184.4 1333
Vertical extent finest refinement region 1.25R  1.25R 1.25R 1.25R 2R 2R
Turbulence Model Form DDES DDES RANS RANS RANS RANS
At (deg) 0.25 0.25 0.25 0.25 0.5 0.5
CPU hours per rev 9,613 4,430 12,734 4,135 4,332 1,409

validation (Ref. 22). It is the finest mesh run for the present
study, since, for optimization usage, the solution cost of an
individual case needs to be less than the cost of a individ-
ual validation case. As mentioned above, some loss in abso-
lute predictive accuracy is acceptable when searching for the
optimal design shape. The fact that case 1 agrees with free
wake to within about 3 counts of figure of merit, suggests that
at least at the nominal HART-II design point, the difference
in accuracy between free wake and CFD is relatively small.
Coarsening the blade surface mesh in case 2 results in a 7
count reduction in figure of merit, but at least a 2x reduction
in computational cost. Comparing cases 1 & 2 with cases 3 &
4 suggests that there is no significant difference in the compu-
tational cost of DDES compared to RANS. Comparing case
6 in Figure [3] with the other cases shows that coarsening the
finest off-body grid cell to 10% chord results in a significant
change in thrust. This is likely due to artificial dissipation
of the tip vortex, which can be seen in the visualization of
Figure 5k compared to the two cases which retain distinct tip
vortices.

0.70
A Test
—-e- CAMRAD Il FW
0.69 - -
o O Helios D#G
< o1
i3
= 0.68 R o ;.fz §
"5 ‘_—"— 5
Coer{ 27 44
-
o /
T ;A
0.66 1/ A
v
0.65 : : :
0.08 0.09 0.10 0.11
C‘n”O’

Fig. 3: Figure of merit and blade loading for 6 different Helios
solution and mesh settings compared with CAMRAD II free
wake and wind tunnel test results.
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Fig. 4: Convergence history of baseline HART-II rotor Helios
cases.

Based on these results, the settings of case 2 are used for
the optimization process, achieving a balance between com-
putational cost and solution predictive accuracy. Further im-
provements in computational cost are desirable. With these
solution settings and the 12-14 rotor revolutions required to
achieve a steady figure of merit solution, each solution is ex-
pected to require 60,000 CPU hours per solution. The emerg-
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ing HELIOS capability (Ref. of a complete suite of GPU
based solvers offers potential to reduce this cost by roughly
a factor of 10. Another significant factor in the cost of each
HELIOS solution is the need to compute upwards of 15 rev-
olutions of the rotor to achieve trim and establish the rotor
wake and associated global flow field when starting from a
quiescent initial condition. In particular, the ability to restart
slightly modified geometries from a previous case of similar
(but not identical geometry), may offer a way to reduce the
number of revolutions needed to reach a steady state by re-
moving the initial transients as seen in Figure[d] Additionally
running for a coarser initial time step to develop the general
flow field, followed by a few revolutions of a finer time step
has been shown to be helpful with other HELIOS solvers.

Surrogate Modeling

Gaussian process regression (GPR) surrogate models were
chosen for the present design optimization study. GPR mod-
els build an estimate of functional values based on known val-
ues at a set of training data points and an assumed probabil-
ity distribution from a family of Gaussian kernel functions at
locations away from the training data. The parameters that
define the kernel functions are selected such that the resulting
surrogate is a maximum likelihood predictor of the observed
functional values. An advantage of GPR is that it provides
not only estimates for functional values, but also an estimate
of uncertainty in that value. This uncertainty measure can be
searched for location of maximum uncertainty in the design
space to inform infill sampling.

For multifidelity optimization a number of modifications
to the basic GPR approach have proven popular in literature.
Variations on Kriging modeling have shown great popularity,
where the Kriging approach extends GPR to include individ-
ual variance parameters for each dimension of the regression
space. Wilke (Ref.[23) has made extensive use of Hierarchical
Kriging methods for surrogate rotor optimization. In Hierar-
chical Kriging lower fidelity samples are used to build a Krig-
ing model for the general trend in the design space. This Krig-
ing model then serves as the trend function in a second Krig-
ing model which takes a limited set of higher fidelity analy-
sis samples to generate another response surface which repre-
sents the high fidelity function estimator. Such an approach
is assumed useful when the lower fidelity analysis generally
captures the trends in the design space, and it is desirable to
just use higher fidelity analysis to sample and correct in re-
gions of interest.

Co-Kriging approaches have been used by other InDeWo
participants (Refs. [16,[17). In the co-Kriging approach, low
fidelity and high fidelity samples are combined into a single
Kriging model using a method similar to that outlined by For-
rester et al. (Ref.[24). In this method, the higher fidelity sur-
rogate model is assumed to be a function of a scaling factor
applied to the lower fidelity model plus a second Gaussian
process model that captures any residual difference between
the scaled lower fidelity surrogate and the higher fidelity sam-

(a) Case 1

(b) Case 5

(c) Case 6

Fig. 5: Qualitative comparison of the vorticity magnitude for
three HART-II solution and mesh settings, not the loss of well
defined tip vortices in Case 6.

ple points.
ey

where g, is a Gaussian process describing the bias error be-
tween the high fidelity and low fidelity results. It should be
noted that this approach includes an explicit assumption that
GPR of the low fidelity (f,), is statistically independent of
the error basis.

Walizer et al. (Ref.[25)), recently, successfully applied a co-
Kriging method for prediction of HELIOS hover performance
data using a lower fidelity comprehensive analysis and a lim-

ghi = p@lo + germ
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Table 3: Summary of Design Variables for 1st and 2nd Inter-
national Design Workshop on Rotor Blade Optimization

Design Initial Upper Lower
Variable Value Bound Bound
1 1.0 1.5 1.0
Co 1.0 1.5 0.5
01 -8.0 0.0 -10.0
0 0.0 5.0 -5.0

ited set of higher fidelity points. Their approach leveraged an
existing Python framework, EMUKIT (Ref. [26), which pro-
vides easy access to multifidelity modeling using GPRs as
implemented in the related Python package GPY (Ref. 27).
The linear multifidelity model of Eq. as implemented in
EMUKIT, has been incorporated in TORC, and used in the
present optimization studies.

CHORD OPTIMIZATION IN HOVER

The InDeWo 2023 meeting looked initially at optimization of
an isolated rotor in hover (Ref. |17)), using just the hover con-
ditions listed in Table|I| The baseline design is based on the
HART-II rotor and optimization was performed on four de-
sign variables as shown in Figure [f] and summarized in Ta-

ble[3l

Two variables: 0, 605, describe a non-linear twist law,
where 6 is the linear twist rate, which is maintained to
r/R=0.75, and 05 is a A6 at the tip (r/R=1.0). The actual twist
law from r/R=0.75 to 1.0 is defined by a cubic spline whose
slope at r/R=0.75 matches the value of #; and the value of
twist at r/R=1.0 corresponds to 6(r/R = 1.0) = 0.256; + 02,
where the overall twist law has adjusted to the usual rotorcraft
convention of #(r/R = 0.75) = 0.0. Two additional vari-
ables, c1, co are used to describe the chord variation along the
span. c; is the normalized chord at 1/R=0.75 and co the nor-
malized chord at r/R=1.0. The actual chord law is a constant
value of 1.0 from root (r/R=0.22) to r/R=0.5.

A cubic spline then smoothly varies from the chord at
r/R=0.5 to the value of c¢; at r/R=0.75 and finally a second
cubic spline varies smoothly from c; to ¢y at the tip, where
the inboard portion of the 2nd spline is constrained to match
the chord slope at 1/R=0.75. This chord law is then multiplied
by a reference chord ¢, such that the thrust weighted solidity
of the rotor is held constant at 0.121. The constant on thrust
weighted solidity is automatically handled in the blade geom-
etry generation process, and is not an active constraint in the
rotor optimization problem itself.

The initial optimization search was performed using the
NSGAZ2 genetic algorithm. Because of the relatively low com-
putational cost of CAMRADII, and the ability to parallelize
the search process in each generation of NSGA2, the initial
search was performed directly on the CA without the use of
a surrogate. This optimization was run with a population of
128 members for 30 generations. The resulting optimal twist
and chord law results are shown in Figure [/| and compared

2.0 15

1.5
r10
1.0 1
0.5 1

0.0
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twist [9]

| |
Ll
o

chord
— twist

—1.51

-2.0 T : .
0.2 0.8 1.0 1.2
r/R [-]

04 06
Fig. 6: Four design variables used in the initial rotor hover
optimization problem, note that the chord law does not go
exactly through the design points because of the rescaling to
meet the thrust weighted solidity constraint.

with higher fidelity results from DLR which used their Hier-
archical Kriging method to include RANS CFD results. The
two approaches yield very similar results for optimal twist.
Additionally, the small break in the twist at /R=0.75 in the
CAMRADII results is related to how the twist input was dis-
cretized in CAMRADII, a twist input value at r/R=0.75 was
not directly available, so the exact details of the twist break are
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(a) Optimum twist law
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(b) Optimum chord law

Fig. 7: Comparison of optimal twist and chord laws from
CAMRADII optimization with higher fidelity CFD surrogate
results from InDeWo participant DLR (Ref.|14).
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not properly captured. The lack of large differences in twist as
seen in Figure[7h, suggest that the fidelity of free wake is suffi-
cient to capture the impact of the twist design variables in the
optimization problem. In terms of surrogate modeling there-
fore, we can expect CA to be a good lower fidelity surrogate
in twist, and the portion of the Co-Kriging model that capture
twist changes will likely be accurate without additional higher
fidelity sampling.

Figure [7b, shows that there is a very large difference in
the optimal chord law. In particular, the DLR results suggest
that taper at the tip is beneficial to the overall hover figure
of merit. In general, larger variations in optimal chord where
seen among InDeWo participants. The use of a multifidelity
surrogate to better capture the chord variations is desirable.

A multifidelity, single objective optimization was per-
formed using the framework described above. The objective,
again, was to maximize hover figure of merit, by adjusting
just the two chord variables, subject to the constrain on rotor
thrust weighted solidity. Twist is held constant at the baseline
HART-II value of -8 deg linear twist along the blade radius.
A Co-Kriging surrogate is built initially using a Latin hyper-
cube sampling of the CA and one case of high fidelity run at
the baseline HART-II design (constant chord). On this sur-
rogate NSGA2 was run with a population of 10 members for
40 generations. Helios was then executed on the resulting op-
timal design and compared with the expected result from the
surrogate model, completing one epoch of the design process
outlined in Figure [1] steps 1-8. After each epoch of NSGA2
optimization, the surrogate is updated as shown in Figure [I]
steps 9- & 10, using additional information from high fidelity
analysis of the optimal design point and an additional point
randomly selected in the design space. Figure [8| shows com-
parisons of subsequent epoch multifidelity GPR estimates of
figure of merit variation over the design space of the two chord
design variables.

As a point of comparision, Figure [8p is the resulting mul-
tifidelity surrogate constructed using 12 points of HELIOS «a
priori sampled in a two dimensional design space using Latin
hypercube sampling. It can be seen in Figure [8] that the pro-
gressively update surrogate is approaching a similar optimal
location, with the general relative trends in chord sensitivity
in fewer than 12 high fidelity samples. These general trends
in figure of merit for chord variables also appear to be simi-
lar to those seen by other workshop participants as shown in
Figure[9]

Figure [I0] shows the history of figure of merit prediction
at the predicted optima from the multifidelity surrogate com-
pared to the actual value calculated by HELIOS. By epoch
3 the progressively updated multifidelity surrogate, using 6
samples, has reached a similar accuracy prediction as the 12
Latin hypercube sampled surrogate. The exact values of the
design variables found differ slightly, but show a very simi-
lar trend of taper at the tip with no increase in chord at the
1/R=0.75 station. A comparison of chord laws between the
baseline HART-II blade and the multifidelity surrogate opti-
mized blade is shown in Figure[TT] The taper found with the

updated multifidelity surrogate model matches more closely
with the taper found by other InDeWo participants for their
blades which considered higher fidelity analysis.

This approach of re-sampling near predicted optimal de-
sign locations helps to alleviate the curse of dimensionality
by reducing the number of points in each re-sampling to scale
with the number of objective function evaluations and not the
number of design variables. This reduces the total number of
expensive higher fidelity function evaluations required and the
total computational resource requirements. However, because
multiple epochs of sampling are required, this does impose a
potential wall-clock penalty since, unlike with a Latin hyber-
cube sampling approach, all of the desired sample points are
not known a priori and therefore cannot be all run in paral-
lel. In practical terms on the DSRCs this means completing
an epoch of optimization, identifying new high fidelity points
and then queuing those points for execution. DSRC queue
wait times can in some instances be on the same order of time
as the case calculation time and contribute significantly to the
total wall-clock time required to complete the optimization.

CONCLUSIONS

A method for incorporating the higher fidelity HEL10S CFD
analysis into rotor blade optimization was demonstrated us-
ing a multifidelity surrogate approach. Because of the large
increase in computational costs of using HELIOS compared to
CA, care must be taken to select the right trade-off in solution
setup for absolute accuracy versus computational cost. Ex-
ploration of the HART-II rotor problem, suggests that coars-
ening of the near-body mesh may be acceptable, but that the
azimuthal time step and off-body mesh sizes need to remain
similar to previously recommended best practices. The choice
of DDES or RANS approaches to turbulence did not make a
noticeable difference in computational cost. Further explo-
ration of opportunities to speed-up time to solution are desir-
able. In particular, efforts to take advantage of the relative
similarity of the various designs searched should be explored.
These may include use of ways to morph the near-body mesh
such that old design solutions can be used as restarts for new
design solutions; reducing the number of revolutions required
to achieve a steady condition. Use of a coarser azimuthal time
step to start-up simulations, followed by finer resolution near
the end will also significantly reduce wall clock time.

A successive refinement approach to updating the multi-
fidelity surrogate was shown to reduce the number of cases
needed to reach an optimal design compared with traditional
a priori Latin hypercube sampling for a single objective func-
tion case. Future work will extend this approach to the multi-
objective InDeWo design case with more design variables.

The results obtained for a optimization of a hovering
HART-II rotor to the InDeWo hover design conditions com-
pare well with those obtained by other participants. Similar
trends on the impact of chord on figure of merit were seen,
although the absolute magnitudes predicted were universally
lower than those found by others. Some of this difference
may be attributable to the fact that even the relatively coarse

Approved for Public Release.

8



C2

2

Approved for Public Release.

1.0 — . 1.0 . .
N M + -+ CAMRADII + P * .
<7 a  Helios . * w,
0.9 7 * ' + % Optimum 097. * ' .
e . N . T . A
A o, * \ + +
08+ , L L, 0.84 ., Ll .
. + . ~ R + .
+ A 1 (] o P E
0.7 A . A + ¥ + ’ 0.71 I + + '
064 + £ 5L 064 + Ny
y Y + A * . A 4
N # 7 A A + N
0.5 + . . . — 0.5+ . r T —
1.0 1.1 1.2 1.3 1.4 1.5 1.0 1.1 1.2 1.3 1.4
C1 C1
(a) 12 Helios Sample Surrogate (b) Epoch 1
1.0 - . 1.0 - -
0.9 R \" 0.9 . - -
by Ay
++ \ & + - + 4
084 . 084 .
. + N + ~ .\ + . +
- 1 v . 1
074 N & 0.7 F . L A
r . s 3 o o !
064 . S 064 - . O
0.5+ : ; ; — 0.5+ ; ; ; -
1.0 1.1 1.2 1.3 1.4 1.5 1.0 1.1 1.2 1.3 1.4
C1 C1
(c) Epoch 2 (d) Epoch 3

Fig. 8: Evolution of figure of merit surrogate with high fidelity sampling

HELIOS case used for optimization here was higher resolu-
tion than any of the other participants’ CFD analysis models.
The current approach has been successfully implemented in
TORC. Future work is planned to extend into multiobjective
optimization, and incorporate airfoil design variables using
methods demonstrated recently (Ref.|28)) as a complementary
effort to this work.
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