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Abstract

An uncertainty quantification framework for rotorcraft applications is introduced. The capabilities of the
developed approach are demonstrated using the ONERA 7A rotor at high-speed to model the uncertainties
in blade properties including torsion, flap, and lag stiffness on rotor power and loads including torsion, flap
bending, and chord bending moments. To support large-scale simulations which are needed to establish
statistical convergence, a surrogate-based framework is introduced using an artificial neural network that
is conceptualized, trained, and validated using data derived from rotorcraft comprehensive analysis code.
The analysis characterizes the input uncertainties as aleatory, hence are normally distributed. Through
propagation it is established that the uncertainties in rotor power are limited; moderate for peak torsion
moment; and significant for peak flap bending and chord bending moments. The analysis further quantified
that uncertainties in spanwise flap bending moment are present and are influenced by the variability in
flap and torsion stiffness. The results demonstrate the integration of a probabilistic-based framework to a
surrogate-based approach for the quantification of system uncertainties to facilitate informed decision making
based on model-based predictions.

Notation lation codes such as CREATE™-AV Helios [1] and Ro-

torcraft Comprehensive Analysis System (RCAS) [2]
r/R - Blade Radial Station have been developed, validated, and used for the
CA - Comprehensive Analysis analysis of existing and novel rotorcraft configura-
CBM - Chord Bending Moment tions. Traditional computational analysis follows a
CDF - Cumulative Distribution Function deterministic-based approach where model inputs are
FBM - Flap Bending Moment propagated to the function evaluator to establish an
GEV - Generalized Extreme Value distribution estimate of system response. Typically there are in-
LHS - Latin Hypercube Sampling herent uncertainties in the inputs which limit the accu-
MCS - Monte Carlo Simulations racy of the output quantify-of-interest (Qol) and con-
MLE - Maximum Likelihood Estimation fidence whether the derived data is a true represen-
Qol - Quantity of Interest tation of expected system behaviour. Ideally, a com-
PDF - Probability Density Function putational approach that factors the uncertainties of
R - Correlation Coefficient the system inputs to then quantify a range of re-
SF - Scaling Factor (blade stiffness) sponse outputs with probability is a critical require-
TM - Torsion Moment ment that needs to be addressed. Accordingly, the
UQ - Uncertainty Quantification reliance of computational tools for aerospace design

has resulted in the emergence of uncertainty quantifi-

. cation (UQ) and sensitivity analysis (SA) disciplines.

1. Introduction The focus of this work is to introduce a computational
framework that supports the migration from traditional
deterministic-based simulations that are typically exer-
cised in rotorcraft design and analysis to a stochastic

Modeling and simulation is integral in rotorcraft re-
search and development where multidisciplinary simu-

1
DISTRIBUTION STATEMENT A. Approved for public release; distribution is unlimited.



based paradigm.

Historically the assessment of system uncertainties
has been based on subjective experience-based eval-
uations of the simulation results. Although the ap-
proach has merits, a mathematical framework using
a structured UQ approach is needed to establish the
estimate of model uncertainties using the statistics
of the code output due to uncertainty in the inputs.
Post-processing of UQ results permit the assessment
of event occurrences that represent the likelihood of
reaching a critical performance threshold with prob-
ability. The identification and management of sys-
tem uncertainties is critical in rotorcraft aeromechan-
ics. To facilitate this adoption, an understanding of
the sources and characterization of the uncertain in-
puts is needed so that model predictions that follow
will enable analysts to execute informed data-driven
decisions with confidence.

The analysis in this work addresses the uncertain-
ties in component manufacturing in blade properties
on rotor performance and loads. Consider fiber rein-
forced composite structures which at the micro-scale
level are characterized with uncertainties in the ma-
trix that binds the fiber and influences the transfer of
loads between the attached fibers. At the meso-scale,
uncertainties are present in the laminate stacking se-
quence attributed to the thickness of the attached lay-
ers and the corresponding orientation angles [3] which
can be altered beyond the set design tolerances dur-
ing a manufacturing process. A critical enabler that fa-
cilitates valued early decision-making is the impact of
the uncertainties of different scales to ensure outputs
do not exceed safety margins. This will then trans-
late to improved decision making to mitigate risk and
high costs. Accordingly, the work focuses on the de-
velopment and implementation of a stochastic-based
simulation tool set that will be used to model the un-
certainties in blade properties on flight performance
and loads. Data post-processing will then facilitate re-
finements to the manufacturing processes as an aid
to ensure uncertainties in blade properties do not ad-
versely limit vehicle performance and loads.

The stochastic-based framework models the uncer-
tainties in blade torsion (GJ), flap (Elysp), and lag
(Elig) stiffness on rotor power and loads including
torsion (TM), flap bending (FBM), and chord bend-
ing (CBM) moments for the ONERA 7A rotor at high
speed. In the earlier analysis by Khurana et. al [4],
effect of uncertainties in beam properties on rotor
power and half peak-to-peak TM using Monte Carlo
sampling with data assimilation using RCAS was pre-
sented. Although a valid approach, the practise is
computationally intensive as hundreds-of-simulations
were needed for a statistically converged result to then
enable the interpretation of uncertainty results. This
practise cannot be efficiently scaled and is not amend-
able to large-scale simulations if the scope of the in-
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put uncertain parameter space were to be extended.
This work addresses the challenge with the integration
of artificial neural networks (ANN). Similarly the un-
certainties in half peak-to-peak loads are established
and the data is compared to the results formed using
RCAS-based simulations. The ANN methodology will
also be executed to model the uncertainties in blade
spanwise flap bending moment.

The paper is structured as follows: In Section 2:
reference test model with the ONERA 7A rotor which
will be used to demonstrate the UQ methodology is
introduced and the RCAS solver setup is validated us-
ing experiment data; In Section 3: an overview of the
UQ approach applied and the computational frame-
work developed to support this effort is presented; In
Section 4: numerical results relating to the design,
development, and validation of a surrogate-based ap-
proach with ANN is presented and the integration of
the surrogate-assisted approach for uncertainty prop-
agation is presented; and in Section 5: work conclu-
sions are summarized and ongoing research efforts
are summarized.

2. Model

The ONERA 7A rotor is a four-bladed fully articu-
lated rotor with a radius of 2.1m and solidity, o, of
0.084. In the analysis, it is studied at high-speed con-
dition (1 = 0.4, C /o = 0.063), and has been investi-
gated in the literature using various analysis tools and
methods [5—-8]. The rotor was trimmed to satisfy the
Modane flapping law (615 = 0, 1. = — 61) in addition
to the specified rotor lift and propulsive force using ro-
tor collective and cyclic controls and shaft angle. The
blade in Figure 1, is a rectangular planform and uses
the OA213 and OA209 airfoils.

The rotor was analyzed in RCAS using 16 nonlin-
ear beam elements and 22 aerodynamic segments.
The rotor hub was further modeled as fully articulated
with pitch bearing and flap and lag hinges. The elas-
tomeric lag damper of the 7A rotor was modeled with
equivalent hinge stiffness and damping values at the
lag hinge. The lift, drag, and pitching moment on
each aerodynamic segments are calculated using air-
foil characteristics from C81 lookup tables provided
by ONERA. Linear unsteady airloads include classi-
cal quasi-steady Theodorsen theory. The finite state
dynamic inflow model is used to calculate rotor wake
flowfield.

The 7A rotor has also been tested in the ONERA
S1MA transonic wind tunnel [9] and the experimental
data is used to validate the RCAS model setup. As
the comprehensive analysis code will be used exten-
sively to perform larges-scale simulations with differ-
ent input parameter (blade stiffness) configurations for
ANN development, it was important that the CA toolset
sustains acceptable balance between computational
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Figure 1: 7A blade planform with structural loads measurement locations (CI: flap bending; o: chord bending;
and x: torsion moment)

efficiency and agreement with wind-tunnel data. Ac-
cordingly, a finite-state dynamic inflow model based
on the actuator disk solution of the three-dimensional
potential flow equations is used. The induced veloc-
ity is expressed in terms of Fourier harmonics (for az-
imuthal variations) and Legendre functions (for radial
variations). In an m-by-n dynamic inflow model, m
represents the number of harmonics and n denotes to
the highest power in the Legendre polynomials. Fig-
ure 2 compares RCAS predictions with measured data
along the blade span.

The dynamic inflow model convergence study con-
firms that as the number of inflow states is increased,
the RCAS predicted peak-to-peak structural loads de-
crease and converge to the experimental data. There
was limited test data available for the spanwise CBM
(Fig. 2c), yet acceptable agreement is noted at the
available evaluation points and also for spanwise TM
and FBM cases as the inflow states is increased. The
convergence of rotor power with experimental data is
also presented in Table 1 where a divergence in RCAS
results with experiment is noted as the inflow state is
increased. In general, the computational disparity be-
tween an 8 x 8 and 12 x 12 state model with RCAS
for rotor power and structural loads is negligible, yet
the computational effort is higher for the larger inflow
state model. Hence, an 8 x 8 model will be used as
the baseline setup for the follow up UQ works.

3. Uncertainty Quantification Ap-
proach

This section describes the UQ principles that are im-
plemented to support the analysis and the uncertainty
propagation scheme that will be exercised using a
surrogate-based approach. An overview of the sta-
tistical metrics needed to quantify system uncertain-
ties using a Monte Carlo approach are defined, and a
brief summary of the surrogate-based approach using
an ANN and the training convergence criterion applied
are introduced.

The model U is considered as a black box and rep-
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resents the underlying system, in this case RCAS,
which is analyzed by solving the governing equations.
Here f is the general model with output, Y, such that
Y = f(x), where z = [z1, 79, ..., 7;]T is a vector of k
inputs to the model with associated probability distri-
butions.

Y = f(x) (1)
The output Y is any value in the output space QY
with an unknown probability density function py that is
established using a uncertainty propagation scheme.
This involves the determination of the distribution of
Y for function f in Equation 1 based on the distribu-
tions of the input parameters of x in probability space
QY. The uncertain input parameters to facilitate uncer-
tainty propagation are sampled from a Normal (Gaus-
sian) distribution with mean, u, and standard devia-
tion, o. The probability density function (PDF) of the
Normal distribution, pn(x) is denoted N(u, o) by:

1 )2

oV22r

z—p
a

pn(x) = e_%( (2)
The UQ metrics are established from the statistics
of the output distribution py using the mean, E (expec-

tation value) and variance, V. The mean is defined as:

BY) = [ ooy (a)ie, )

where pY is the joint probability density function of the
random inputs, . The related statistical measures are
calculated from pY using statistical moment, i, with
Equation 4 representing the variance (i = 2):

VY] =

QY(%‘ ~E[Y])"?py (z)dz,

(4)

where the " moment represents the variance (i = 2),
skewness (i = 3), and kurtosis (i = 4).

UQ data post-processing further involves the repre-
sentation of the output distribution, py, into a cumu-
lative distribution function (CDF) that is representative
of the area under the PDF. It is used to evaluate the
probability, P, that output Y will take a value less than
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Figure 2: Half peak-to-peak structural loads: convergence of dynamic inflow model with test data using RCAS

Table 1: Validation of rotor power as a function of dynamic inflow model with test data

Power [HP]
Test 118.16
Dynamic inflow, 1 x 1 113.33
Dynamic inflow, 4 x 4 124.46
Dynamic inflow, 8 x 8 124.81
Dynamic inflow, 12 x 12 125.02

or equal to set threshold, y such that:

fr(y) = P(Y <y) ()

The probability that Y is in the interval (a, b] such that
a < b is denoted by:

(6)

The CDF permits the assessment of critical design
questions, for example: What is the probability that ro-
tor power is less than x given the uncertainty in blade
torsion stiffness? Equation 6 will be primarily used as
a quantifying measure to represent the uncertainties
of the system in the results to follow.

Pla <Y <b) = f,(b) - fy(a)

3.1. Uncertainty Propagation analysis

Method

A. Monte Carlo approach

The widely used probabilistic approach for uncertainty
propagation is the Monte Carlo method. The frame-
work can facilitates UQ in a non-intrusive manner as
it does not require the modification of the underly-
ing solver, and it also does not make any assump-
tions about the model. The method randomly selects
the input parameters from the input PDF’s across the
ranges of uncertain variables, x, of size nS by a strat-
ified sampling scheme. The model is then evaluated

at sample x that creates the mapping of the inputs to
outputs:

(7)

where y; = f(x;). Equations 3 and 4 are used to
calculate the statistics of the response output, y, and
the process is repeated until statistical convergence
of y is achieved. The mapping in Equation 7 can be
post-processed using scatterplots to assess the rela-
tionships (linear, non-linear, discontinuities) between
inputs and outputs, or a least squares approach can
also be applied to form a regression model that relates
output to inputs. Statistical relationships can then be
inferred between x and y in a computationally efficient
manner rather than directly simulating the underlying
model using ANN.

Uncertainty propagation with MC simulations will
converge to the exact stochastic solution as the sam-
ple population, N — oo. As per the law of large num-
bers, model mean and variance are established by:

[®s,v:],i=1,2,...,nS

LN
EY|~yy == ) fl@™), (8)
Yn =N P T
;X
VY]~ N_1 Z(f(xm) - 7n)% 9)
m=1

where N is the total number of model evaluations in
the simulation; 3, is sample mean of output y from N
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runs; and ™ = [z, 2%, ...,z represents the m®"
sample realization of the random input vector X. Yet,
convergence of the mean error estimate will be limited
as the standard deviation of the mean scales inversely
with the square root of the sample size:

g
VN
Hence, a significant limitation of the MC approach is
that it requires a large number of function evaluations
for statistical convergence. One approach to limit
this issue involves improving the coverage of the
parameter space for the distribution of the input sam-
ples. Accordingly Latin hypercube sampling (LHS)
developed by McKay [10] is used for uncertainty
propagation. In this approach, the range of each input
random variable is divided into intervals with equal
probability. The methodology has been extensively
used in a wide range of applications [ ], includ-
ing rotorcraft conceptual design [16] and uncertainty
analysis with NASA rotorcraft sizing design tools [17].
Even with improved stratified sampling for uncertainty
propagation, the MC approach with direct model
evaluations is a computationally expensive process
especially if high-fidelity simulations govern the solver.
To adequately address this issue, a metamodel is
needed for the system response.

(10)

oy =

B. Artificial Neural Networks

Surrogate modeling is implemented to replace a com-
putationally expensive deterministic model for accu-
rate and efficient approximation of the data from
RCAS. Mathematically the methodology is defined as
follows (notation adopted from Gorissen et al. [18]):
Surrogate modeling is used in the design process to
approximate a multivariate function f : Q — C", in a
user-defined domain Q c R?, where the correspond-
ing function values f(z) = [f(z1,..., f(zr)] € C™ are
the computed measure of power and loads of sampled
blade input stiffness properties X = {z1,...,2x} C Q
from RCAS. The development of a metamodel re-
quires the definition of a function s, from approxima-
tion space, S, such that s : R? — C" € S, where s
is closely related to f, and the measure of similarity
is assessed by the approximation error ||f — s, ac-
cording to a user-defined norm ||.||,. The metamodel
must be developed to yield an acceptable approxima-
tion of s* € &S, such that s* it is in accordance to
Minses||f — s|lv=||f — s$*||o- It is assumed that the
input data and the corresponding outputs from RCAS
are deterministic and noise free, hence facilitating an
accurate metamodel where the approximation error
between f and s is minimised.

The ANN framework [19] is used as the surrogate
tool in this work and the methodology has been widely
applied in the literature for aerospace design analy-
sis [ ] and to support uncertainty quantification
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studies [ ]. The MATLAB Neural Network Tool-
box [32] is integrated into the computational frame-
work to support the research efforts. A series of ANN
topologies are conceptualized that map the relation-
ship between the variation in blade stiffness properties
as inputs on rotor power and: (a) half peak-to-peak
moment; and (b) spanwise flap bending moment as
outputs.

As fist step in ANN development, the inputs and out-
puts are normalized between [0,1]. The networks con-
sidered are feed-forward with single or double hidden-
layers where in each layer there are 10-40 neurons.
The tan — sigmoid transfer function is used in the hid-
den layers and a linear function for output representa-
tion. Network training is performed using the Leven-
berg—Marquardt algorithm [32]. The sample set used
for model development and validation is partitioned
such that 70% of the total dataset is used for training;
15% for validation and 15% for testing. The valida-
tion set are independent data points that are used to
assess the generalization capabilities of the network
at each training epoch such that the mean-squared-
error, (mse), is calculated by the difference between
target and ANN approximated outputs. If the mse in-
creases over successive user-defined iterations, then
ANN training is terminated to ensure the network is
not overfitted. The testing points are an additional set
of independent points that are further used to assess
the accuracy of the ANN at each iteration and do not
directly influence the training and training termination
criteria. Network performance on the identified data
points (training, testing, validation) is further assessed
by the calculation of the correlation coefficient, » that
is assessed between target values and ANN outputs.

3.2. Analysis Setup

A. Computational Setup

A computational framework is developed to support
the simulations in an automated manner. The un-
certainty analysis is formulated and executed using
DAKOTA [33]. To orchestrate the simulations using
parallel computing, the Galaxy Simulation Builder [34]
developed by the Department of Defense (DoD) is
used that permits users to create large-scale simu-
lations in a logical piece-by-piece manner with the
added capability to schedule and monitor the jobs us-
ing a web-interface. The workflow developed is pre-
sented in Figure 3.

The automated workflow is comprised of five
modules. In Module one: The DAKOTA input file
is formed where the study mode is defined, in this
case, uncertainty analysis, and the uncertain input
parameters are labelled and the PDFs of the aleatory
parameters are defined; Module two: an RCAS
input file is added and identifiers are inserted into
the template file for variable substitution; Module
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Figure 3: Graphical representation of the computational setup using GALAXY with DAKOTA

three: the RCAS executable is added to the workflow Ely;,, and El;,, on power.

path; Module four: MATLAB post-processing scripts The analysis confirmed that power is sensitive to
are introduced that utilize the outputs from RCAS changes in GJ, and relatively power remains un-
simulations, in this case, the structural loads, to then changed due to the variability in lag and flap stiffness.
calculate the statistical metrics needed to quantify the Critically it is noted that there is a penalty in rotor
uncertainty limits using the probability intervals; and power as GJ decreases. In the earlier analysis by Jain
Module five: DAKOTA simulation is terminated once and Yeo [35], this pattern was also established with
a user-defined termination criterion from module one the UH-60A rotor in high-speed forward flight. This

is satisfied. was attributed to the distribution of the average drag
across the rotor disk which was observed to increase
B. Parametric Analysis as GJ was decreased such that there was a higher

drag penalty on the outboard region of the retreating
side. Accordingly, an increase in rotor power follows
to maintain trimmed flight.

Figure 6 represents the variation in stiffness using
the SF for torsion, flap, and chord bending moments.
Here it is observed that as GJ increases (Fig. 6a),
the torsion moment decreases slightly. In general,
the torsion stiffness changes have small influence on
torsion moments except for the significant reduction
of GJ at SF=0.40. The baseline torsion frequency
is about 6/rev. As torsional stiffness is reduced, tor-
sion frequency also decreases. Initially there is small
change in the peak-to-peak amplitude. However, as
the torsion frequency approaches 4/rev, the peak-to-
peak loads starts to increase.

The impact of flap stiffness on spanwise flap bend-
ing moment is further presented in Figure 6b. Flap
stiffness has a significant influence on flap bending
moment. As expected, the spanwise flap bending
moment increases, including the maximum peak-to-
peak load at r/R ~ 0.125 as Ely,, increases. The
variation in lag stiffness on chord bending moment is
also modeled in Figure 6¢c. Chord bending moment
results show complicated, non-linear response with
respect to the lag stiffness variation. The baseline
lag frequency is 4.44/rev, which avoids harmonics
of rotation frequency that can lead to resonances.
As blade stiffness is increased or decreased, lag
frequency approaches 5/rev and 4/rev and the blade
chord bending moment amplitude increases. As
the blade frequency further increases away from
the resonance, the blade chord bending moment
decreases. However, the baseline stiffness value still
provides minimum half peak-to-peak chord bending
moment.

The computational framework is now demonstrated to
perform parametric analysis by inducing systematic
variations of blade stiffness on rotor power and struc-
tural bending moment. The goal of this exercise is
to confirm that the automated design processes de-
veloped will operate seamlessly which is a critical re-
quirement for the large-scale uncertainty simulations
to follow. This exercise will further quantify if linear
and/or non-linear relationships follow between stiff-
ness properties on rotor performance and loads. This
is important as it will confirm that multi-dimensional
input spaces are often multi-modal and a simplified
parametric based approach about a select baseline
point is not sufficient to quantity system probabilities
needed for uncertainty analysis. Instead, large-scale
data sampling using stratified approaches such as the
LHS method becomes a requirement.

A key parameter that will be used in the analysis
is the blade stiffness scaling factor (SF). The SF acts
as a multiplier to the baseline stiffness, denoted by
SF=1.0, to induce systematic and uniform variations
from blade root to tip for torsion (GJ), flap (Ely;.p) and
lag (Eliqq) stiffness. Figure 4 shows the envelope of
the variations in domain, 0.40 < SF < 2.0, that will be
used for the parametric and uncertainty analysis.

In Figure 4, blade inboard sections are character-
ized with high stiffness variations relative to outboard
sections where stiffness distributions remains consis-
tently low. As next step, the relationships between
stiffness on power and bending moment is established
by varying the SF uniformally one-at-a-time with other
properties fixed at the baseline setting (SF=1.0). At
each incremental change, rotor power and structural
loads are calculated using RCAS. Figure 5 shows
the resulting effect of the one-factor variations in GJ,
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Figure 4: Blade stiffness parametric analysis test envelope using a scaling factor (SF)
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Figure 5: Impact of blade stiffness variation on rotor power [HP]

C. Uncertainty Analysis Setup

In the uncertainty work to follow, the SF of each blade
property will be used as the uncertain variable and
will be perturbed using a prescribed probability dis-
tribution. Recall, the scaling factor will induce uniform
variability in stiffness from blade root-to-tip. The SF is
characterized as an aleatory uncertain parameter due
to the inherent randomness in spanwise blade proper-
ties as a result of manufacturing variations. The clas-
sification of input uncertainties are defined in Table 2.
Here, the SF is assumed to be normally distributed
with mean, p = 1.0 (blade at baseline state) with a
standard deviation of o = 20% (variability of uncer-
tainty about the nominal state). In absence of raw ma-
terial data that can be used to confirm the expected
variability in blade properties of manufactured blades
from a large-scale production line, in this analysis, the
expected variability is assumed to follow a normal dis-
tribution curve and may not represent real-life distribu-
tions. Yet, the goal here is to demonstrate the work-
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ings of the applied UQ methodology that would trans-
late the input distributions to output uncertainties.

4. Numerical results

In this section, the setup and execution of a surrogate-
based approach for uncertainty analysis is presented.
The cases will model the collective uncertainties in
blade stiffness parameters on: (a) half peak-to-peak
bending moment; and (b) spanwise flap bending mo-
ment. ANN model setup, training, and validation will
be presented as a starting point for each case followed
by the simulation of the developed framework to facili-
tate uncertainty propagation.

4.1. ANN Development: GJ, Ely,,, El,,

— power & half peak-to-peak load

The ANN is trained and validated using the exist-
ing dataset of solutions that were generated in previ-

DISTRIBUTION STATEMENT A. Approved for public release; distribution is unlimited.



Nm

@
S
T T T T T T

(a) GJ on torsion moment

(b) El 145 on flap bending moment

(c) El;ag on chord bending moment

Figure 6: Spanwise distribution of bending moment due to variability in stiffness spanning 40% to 200%
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Table 2: Representation of uncertain stiffness input parameters to establish impact on rotor power and
structural loads (torsion, flap, & chord bending moments)

Stiffness  Parameter (SF) PDF  mean (u) std. dev.
GJ SFay Normal 1.0 0.20
Elfiap SFely Normal 1.0 0.20
Eliag SFei,, Normal 1.0 0.20

ous exercises for uncertainty propagation using stand-
alone RCAS with Monte Carlo simulations (MCS). The
repository included 700 input stiffness parameters that
were collectively permutated and mapped to response
outputs calculated over 6 hours serially on a standard
Linux-based desktop system. Table 3 represents the
performance of the ANN trained using 490 points with
the accuracy assessed on 210 testing points that have
no influence on network training.

The results in Table 3 confirm that the ANN yields
acceptable accuracy in predicting rotor power and half
peak-to-peak loads. An r—coefficient > 0.90 repre-
sents strong positive correlations between ANN pre-
dictions and target RCAS values, yet the accuracy in
predicting TM,,... (shaded cell in Table 3) is limited
with a lower r—coefficient than the other cases mod-
eled.

To understand this result, a scatter plot of the
210 test points representing ANN predictions versus
RCAS target values is presented using histograms in
Figure 7. The z—axis of the histograms represents
the distribution of the blade stiffness parameter design
space that was sampled to train the ANN. Recalling
the input parameters were assumed to be uncertain
using a normal distribution curve. The diagonal line
in the regression chart (middle subset in Fig. 7) rep-
resents the line-of-best fit denoting a perfect agree-
ment between ANN approximation versus RCAS. It is
observed that most of the 210 test points quantified
by the ANN are characterized with acceptable agree-
ment relative to target as the points are projected on

8

the line-of-best fit. It is also established that there are
two extreme outliers, under the dotted circle in the
regression chart, that are characterized with limited
ANN approximation capabilities that result in the low-
ering of the r—coefficient (shaded cell in Table 3). As
next steps, the input stiffness parameters correspond-
ing to each of the modeled TM,,,... outputs in the test
dataset regression coefficient chart is projected using
an histogram. It is noted that outlier 1 is characterized
with a flap stiffness of Ely;,,=0.49; and outlier 2 is de-
noted with GJ=0.42. The histogram shows that both
outliers are at the tail ends of the normal distribution
curve that is used to define the aleatory representa-
tion of the uncertainty in blade stiffness. At these ex-
treme regions, the training dataset used for ANN de-
velopment is limited and the corresponding accuracy
of the surrogate model is adversely affected, hence
resulting in the lowering of the r—coefficient. Further,
the stiffness magnitudes at the tail regions is extreme
relative to the baseline setting with stiffness one, and
such extreme variations in blade properties would not
be expected due to variability in manufacturing toler-
ances. Using the ANN for uncertainty propagation or
design parametric analysis, it is reasonable to con-
strain the blade stiffness to values about the baseline
so that these extreme regions are not considered in
the computational analysis. To demonstrate the rela-
tionship between the goodness-of-fit of the ANN using
the r—coefficient in Table 3 against target RCAS re-
sponse, a parametric analysis with variation in blade
stiffness on rotor power and half peak-to-peak bend-
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Table 3: ANN generalization capabilities assessed on the 210 testing points

Uncertain Inputs

Train Size Test Size

Power TM FBM CBM

r—coefficient

GJ, Elfiap, Eliag 490 210 0.999 0.966 0.996 0.992
R=0.966
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Figure 7: Representation of ANN generalization capabilities for TM,,,... using the r—coefficient regression with
accompanying data histogram

ing moment is presented in Figures 8 and 9 respec-
tively. In this analysis, the scaling factor for blade
stiffness variability is modeled between a test enve-
lope of 0.40 < SF < 1.60. Variation in GJ on power
in Figure 8a validates acceptable agreement between
surrogate predictions and RCAS. Yet, at design space
end point with SF~0.40, the ANN prediction does not
match RCAS. Recall the ANN is trained with data
sampled from a normal distribution curve representing
the assumed uncertainty in blade stiffness such that,
N (p,0)=N(1.0,0.20) (Table 2). By true definition, data
sampled from a normal distribution curve will have lim-
ited points, in this case ANN training data at the tail
ends of the curve, and the resulting generalization ca-
pability of the surrogate model, in this case at SF=0.40
is compromised. Yet, blades with extreme stiffness
properties such that SF>1.40, the ANN continues to
demonstrate acceptable convergence with RCAS tar-
get.

Similarly the parametric analysis with variability in
flap stiffness in Figure 8b, confirms that ANN pre-
dictions are compromised at design space bound-
aries, both with soft and stiff blade settings such that
SF=0.40 and SF=1.60 respectively. Relatively the
agreement between the two datasets at other SF con-
ditions is acceptable. Despite the noted qualitative
differences, quantitatively the absolute magnitude be-
tween the two datasets is negligible, hence confirm-
ing the accuracy of the ANN in predicting rotor power
with variability in Ely;,, even at design space bound-
ary. Similar patterns are also noted in Figure 8c with
the assessment of rotor power due to variability in
El;.g. The ANN yields acceptable accuracy in con-
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verging to RCAS target with subtle qualitative diver-
gence observed between 1.40 < SF < 1.60 regions
where the ANN under predicts rotor power, but quan-
titatively these differences are negligible.

Parametric analysis is also undertaken to assess
the prediction capability of the ANN to resolve peak-to-
peak loads with variation in blade stiffness spanning
0.40 < SF < 1.60 in Figure 9. Perturbation of SF for
GJ in Figure 9a and Ely,, in Figure 9b confirms that
the ANN has validated accuracy in resolving peak TM
and FBM respectively over the modeled test range. In
Figure 9c, representing the variation in El;,, on peak
CBM, the ANN converges to RCAS target, yet qualita-
tive differences are noted between 1.40 < SF < 1.60
regions (tail ends of the normal distribution curve) with
the ANN under predicting the peak CBM. At SF=1.40,
CBM,,..... is under predicted with ANN by =~ 4.0% rela-
tive to RCAS, and at SF=1.60 the difference is extreme
at ~ 16.0%. Despite this high divergence between the
datasets, the noted errors are at design space bound-
ary where stiff rotor blades are present, and in reality
it would not be expected that blade stiffness will de-
viate by this significant magnitude relative to baseline
at SF=1.0 due to manufacturing tolerances. The high
ANN approximation errors at the tail ends of the de-
sign space envelope can be neglected by constraining
the design space to regions about the mean stiffness
at SF=1.0 to ensure the results of the uncertainty anal-
ysis are not compromised by false peak-to-peak loads.
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4.2. Uncertainty Analysis: GJ, El;, In Figure 10a, it is shown that rotor power will var
’ flaps

El,,, — power & half peak-to-peak
load

As the accuracy of the ANN has been validated,
the surrogate-based approach is now implemented
to quantify the uncertainties in rotor power and half-
peak-to-peak bending moment due to variability in
blade stiffness that is induced using a scaling factor
with prescribed aleatory distributions (Table 2). The
results projected in Figure 10 represent the expected
uncertainties of the output Qol established through a
Monte Carlo simulation with 500,000 data points de-
noted by the solid blue line (—). The uncertain lim-
its are formed using the 95% probability interval and
represent outputs for SF (GJ, Elsep, Eligg) that is
sampled using LHS from the input normal distribution
curve. The sampling design space is further restricted
to domain, 0.60< SF¢ s Fiap,r.ag < 1.40 to avoid ANN
generalization at the tail ends of the normal distribu-
tion curve that is associated with higher approxima-
tion errors (Fig. 7), and to limit the analysis to realistic
(not extreme) stiffness settings that are likely due to
manufacturing defects. In the results, the red bullet
() further represents the Qol at the nominal stiffness
setting, SF=1.0.

1

between = 124.00 and 127 HP due to blade stiffness
uncertainties. The baseline result representing the
rotor blade at nominal stiffness is 124.80 HP and is
closer to the lower limit of the established 95% prob-
ability interval range at =~ 124.00 HP. Although not
shown here, it was established that the PDF of output
power was non-symmetrical and positively skewed,
hence justifying the close proximity of the baseline re-
sult to the lower interval limit. Further, the uncertain
interval range is =~ 2.50% of baseline, hence confirm-
ing that the uncertain envelope in rotor power is not
significant.

Similarly, the uncertainty in TM,,,... is modeled in
Figure 10b. In this result, the half peak-to-peak TM
varies between ~ 18.00 — 22.00 Nm due to the col-
lective uncertainties in blade stiffness properties. In
this case, the baseline result is closer to the upper
limit of the 95% probability interval as the output PDF
is negatively skewed. The overall width of the uncer-
tain range is significant at ~ 10% of the baseline re-
sult when no uncertainties are considered. Due to the
significant uncertain envelope range, additional statis-
tical interpretation using a CDF is warranted to quan-
tify the expected probability that TM,,,,,.. may exceed
a critical threshold due to property uncertainties. If it

0
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Figure 10: Symmetric 95% probability interval widths of the ONERA 7A blade resulting from aleatory
uncertainty propagation (bullet symbol [*] = baseline result at SF=1.0; [—] = stochastic result with 95%
probability intervals) using 500,000 LHS formed points

is assumed that the maximum upper limit of TM,,,,..
cannot exceed baseline at 19.50 Nm, then the prob-
ability that TM, ... < 19.50 is ~ 80%. The merits of
incorporating a stochastic-based framework to equate
expected loads with probabilities due to input uncer-
tainties is realized through this effort.

As next step, the uncertainty in FBM,,,,,. is pre-
sented in Figure 10c. The expected moment range
due to property uncertainty is ~ 37 — 48 Nm which is
significant at =~ 26% of the baseline result at 41.05 Nm.
The PDF of FBM,,,.. is also positively skewed (not
shown here), hence justifying the skew of the baseline
result toward the lower end of the 95% probability in-
terval. As the expected uncertainty range in FBM,,,,...
is extreme, data post-processing is undertaken using
the CDF formed from the Monte Carlo samples to es-
tablish the relative probabilities. If it is assumed that
FBM,,.... baseline at 41.05 Nmis a critical load thresh-
old that must not be exceeded, then the probability
that this condition will be violated is 1 — Pr < 41.05 =
1-0.40 = ~ 60%. The high probability of system failure
as a result of exceeding a maximum allowable FBM
threshold will need to be analyzed by the design team
to facilitate iterative blade design modifications to en-
sure the probability that critical loads will be sustained
during system life-cycle are low. An integration of a
stochastic-based UQ framework is again re-enforced
through this example as it facilitates intelligent data
driven decision making.

The uncertainty in CBM,,,... is presented in Fig-
ure 10d. Here the expected BM interval due to in-
put uncertainty is extreme with an expected range of
31 — 70 Nm that is 91% of baseline. In the
parametric analysis in Figure 6¢, an extended scat-

~
~

~
~
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ter of CBM,,,... was established due to the variability
in SF. This distribution was also shown to be sensitive
to small changes in blade stiffness with stiffer and/or
softer blades about the baseline (Sf=1.0) resulting in
significant deviations in CBM,,,,.... This pattern is fur-
ther re-enforced in the uncertainty analysis (Fig. 10d)
with the quantification of extended CBM,,,,. uncer-
tain envelope. In this result, it is also noted that the
baseline result at 33.75 Nm is near the lower region of
the established 95% probability interval of 30.88 Nm,
and to understand this result, the PDF and CDF of the
500,000 Monte Carlo samples is generated in Figure
11,

The PDF of CBM,,,,.. in Figure 11a is formed us-
ing the maximum likelihood estimation (MLE) method
to determine the parameters of a probability distri-
bution that fit the sampled CBM,,,,. data. Based
on the fitting analysis, the PDF follows the General-
ized Extreme Value (GEV) distribution that is positively
skewed with mode (most frequent data represented
by the peak of the curve) equalling 35.75 Nm that
is close to baseline at 33.75 Nm. The PDF further
confirms extreme data outliers are present with high
bending moments. Accordingly the extreme value the-
ory (EVT) allows for the interpretation of inferences
of extreme deviations where at the tails, CBM,,,,... ex-
ceeds 60.00 Nm. As next step, the probabilities of
the observations are established using a CDF in Fig-
ure 11b. The shaded region represents the symmet-
ric 95% probability interval width (i.e., difference be-
tween 2.5% and 97.5% cumulative probability bounds
in the dotted green lines), and the probability that:
(@) Pr. CBM,,4.. < 33.75 Nm (baseline) = 10%; or
Pr. CBM,,4:. > 33.75 Nm (baseline) = 90%; and
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Figure 11: Statistical representation of the uncertainty in CBM,,,4.

(b) assuming a safety load factor of 1.50 is applied to
the baseline, hence limiting CBM,,,,,.. = 33.75*1.50 to
50.63 Nm, the probability that CBM,,,,.. < 50.63 Nm
(load factor limit) is ~ 88%.

In the PDF (Fig. 11a) and CDF (Fig. 11b) repre-
sentation of CBM,,,...., it is noted that the curves are
truncated at the extreme ends of the design envelope.
This is as a result of constraining the sampling space
to realistic SF magnitudes in Figure 12 based on the
analysis presented in Figures 7 and 8 to ensure ex-
tremely stiff and soft blades that are beyond normal
manufacturing tolerances are not considered in the
probabilistic analysis. Further, at the extreme tail re-
gions of the design space, the accuracy of the ANN
to yield acceptable generalization performance is de-
graded (Fig. 7), hence the sampling space is con-
strained to 0.60 < SF < 1.40 intervals.

4.3. ANN Development: GJ, Ely,,, El,,
— spanwise structural loads

In this section, an ANN is developed and validated to
model the relationship between blade stiffness proper-
ties and structural loads across 16 /R span stations.
The neural networks formed required two-to-three hid-
den layers, and in each layer 30 to 40 neurons were
needed. To train the network, the Bayesian regular-
ization backpropagation method was used to update
the weights and bias values according to Levenberg-
Marquardt optimization algorithm. The methodol-
ogy minimizes a combination of squared errors and
weights to then establish a combination of values that
form a network with acceptable generalization capa-
bilities.

A total of 1500 RCAS points are generated using
LHS from the aleatory distribution of the input param-

eters in Table 2. RCAS simulations are then simulated
using parallel computing per the DAKOTA/GALAXY
architecture introduced in Figure 3. The 1500 points
are then partitioned into ratios of training, testing, and
validation categories. Table 4 demonstrates the accu-
racy of the network on the testing dataset for a network
trained using: a minimum of 150 points; and 1050 rep-
resenting the maximum training size.

The performance of the ANN in Table 4 is rep-
resented by the r—correlation measure which as-
sesses the goodness-of-fit between ANN approxima-
tion and target RCAS. The results confirm that the
ANN demonstrates acceptable generalization capabil-
ities for each of the four outputs. Critically it is also
noted that the network trained using 150 data points
yielded similar accuracy limits in comparison to a net-
work trained using a larger training sample set of 1050
points. Yet, despite the high accuracy of the ANN, it
is noted that the approximation of spanwise TM us-
ing a network with 150 points was limited with a lower
r—correlation measure of 0.924 (shaded in Table 4)
than other converged results. Upon further analysis,
it was confirmed that data points with poor approxi-
mation capabilities that resulted in the lowering of the
r—correlation metric for span TM was attributed to in-
puts that were at the tail ends of the normal distribu-
tion curve. Recall, an ANN trained with data that is
sampled from a PDF, in this case a normal distribution
curve, by definition the training sample set will be lim-
ited at the tail ends of the PDF curve, and the result-
ing generalization capabilities of the surrogate-model
at these extreme design regions will be limited.

It is also noted that the generalization capabilities
of the ANN in approximating rotor power has been re-
duced in comparison to the data that was presented in
Table 3 where the ANN was trained using 490 points.
It is important to consider that the data used to assess
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Table 4: ANN generalization capabilities assessed on the 210 testing points

Uncertain Inputs  Train Size Test Size Power SpanTM Span FBM Span CBM
r—coefficient
G, Elhap, Eliag 150 1350 0.989 0.924 0.997 0.976
1050 450 0.995 0.989 0.999 0.996

the accuracy of the ANN in Tables 3 (=210 test points)
and 4 (=1350 and 450 test points) differ both in sample
size and data test points, hence comparisons between
the two results cannot be assessed with confidence as
it assessed on differing datasets. Despite the noted
differences between the two results, the r—correlation
measure assessed in Table 4 is high at 0.989 and
0.995 for a network trained using 150 and 1050 in-
puts respectively, hence indicating a strong positive
relationship between surrogate-based approximations
and RCAS target.

To further demonstrate the accuracy of the ANN,
spanwise structural loads is approximated using the
two networks from Table 4 at arbitrarily selected stiff-
ness settings. The surrogate-based results are evalu-
ated against RCAS target in Figure 13. In each of the
spanwise structural loads results, it is noted that there
is excellent agreement between ANN-based predic-
tions using the two networks and RCAS target. The
half peak-to-peak loads are captured with precision,
and the spanwise structural loads across the 16 ra-
dial stations from root-to-tip are resolved with indistin-
guishable difference between an 150 and 1050 trained
network. It is also noted that the ANN tested in Figure
13 reflects SF values that lie between p — 10 (FBM
with SF=0.80) and p + 20 (TM with SF=1.40) intervals
which equates to ~ 81% area under a normal distri-
bution curve or ~ 81% of representative SF values.
The validated performance of the ANN through the vi-
sual representation of the spanwise structural loads
data, and the high r—correlation measure in Table 4
confirms that an ANN trained using only 150 points
will yield accurate representation of rotor power and

loads due to blade stiffness variability. Accordingly,
the surrogate-based approach can be used for uncer-
tainty propagation efforts to follow.

4.4. Uncertainty Analysis:
El,., — spanwise FBM

GJ, Elyp,

In this section, the uncertainties in spanwise FBM are
quantified using an ANN. The surrogate-based ap-
proach utilized is representative of an ANN that is
trained using 1050 training points from Table 4. The
effect of Monte Carlo sample size, n, on statistical
convergence for the generation of the 95% probabil-
ity intervals is presented in Figure 14.

In Figure 14a, it is noted that the scope of the
95% probability intervals generated using n = 1000
Monte Carlo points does not generate accurate in-
tervals across the blade span, compared to large
datasets. The results formed using » = 10,000 and
n = 500,000 are in agreement, yet the results quanti-
fied using n = 1000 points illustrate non-convergence
at the 2.5% probability side, most notably at span sta-
tions 8-10 and at station 14, yet at the 97.5% prob-
ability side the agreement is acceptable. To con-
firm data non-convergence at n = 1000 compared to
n = 500,000, the PDF at span station 8 is presented
in Figure 14b. It is confirmed that the data generated
using n = 1000 points results in a PDF with less over-
all area under the curve, hence limiting the FBM in-
tervals at the 2.5% and 97.5% level. Alternately, the
PDF formed using n = 500, 000 points is characterized
with a larger area under the PDF curve as the design
space has been adequately mapped, and the updated
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probability intervals reflect this new and extended de-
sign space. Further, the computational overheads re-
quired to simulate data using an ANN is negligible,
hence large datasets can be processed. Hence, in this
analysis a Monte Carlo simulation with 500,000 LHS
generated points are used to form the 95% probability
intervals in Figure 15.

In Figure 15, the spanwise FBM at the baseline stiff-
ness (SF=1.0) is established using RCAS with an 8 x 8
dynamic inflow model which is in agreement with ANN
estimation across each blade span station. The com-
putational data (RCAS and ANN) are also in agree-
ment with available experimental data (o) at radial sta-
tions 7,9,12,13 and 14. At radial station 15, there
is a disagreement between the datasets which is at-
tributed to the RCAS inflow state model. Figure 16
validates that an 8 x 8 inflow model used in this anal-

ysis is not sufficient to accurately resolve FBM at ra-
dial station 15 while a 12 x 12 model yields improved
agreement.

Even though the accuracy of the ANN to resolve
spanwise structural loads was validated in Table 4 and
Figure 13, additional validation analysis is presented
to justify the difference between computational and ex-
perimental data at /R station 15, and the proximity of
the experimental data converging to the lower band of
the 95% probability interval (Fig. 15). The noted differ-
ences are attributed to the setup of the dynamic inflow
model (Fig. 16) and is not a limitation of the surrogate
model. To confirm this assessment, the accuracy of
the ANN trained using 1050 inputs and evaluated us-
ing 450 test points (Table 4) is demonstrated using the
r—correlation goodness-of-fit measure for FBM at /R
stations 1,5,8 and 15 in Figure 17
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The r—correlation charts confirm that a perfect
agreement between RCAS target and ANN estima-
tions is present at the outlined /R span stations. The
validation test confirms that the disparity of the exper-
imental point at radial station 15 to the computational
data, and the proximity toward the lower end of the
95% probability interval is attributed to the selection of
an 8 x 8 dynamic inflow model. Instead if uncertainty
propagation was executed using a 12 x 12 dynamic in-

flow model, the disparity between the stated datasets
would be negligible.

The distribution of the uncertainty intervals is now
analyzed. The blue shaded region in Figure 15 rep-
resents the 95% probability interval established from
the CDF of the 500,000 LHS generated points. The
greyed region represents areas of the blade that have
high stiffness due to the placement of the flap/lag
hinges and pitch bearing about the inboard blade sec-
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Figure 17: ANN validation of FBM at prescribed /R spanwise stations against RCAS target using the
r—coefficient metric

tions (Fig. 1). The FBM is expected to be zero at blade
inboard hinge location and the tip due to the enforce-
ment of zero moment boundary condition in RCAS,
hence the datasets comprising RCAS, ANN and prob-
ability interval width decrease and converge at these
regions. Accompanying the probability intervals are
the distribution of the converged PDFs that represent
the dispersion and degree-of-skewness of FBM at the
respective r/ R stations. The PDFs at radial stations 1-
5 are characterized with high skewness and kurtosis;
both metrics that involve the assessment of the data
in the tails of the distribution. The skewness assesses
the symmetry of the distribution, and a symmetric dis-
tribution is modeled such that the right and left sides
of the PDF follow a similar shape. In this analysis, the
skewness of the PDFs at radial stations 1-5 is greater
than 0, hence is classified as a right-skewed distribu-
tion where the right tail is longer than the left. Equating
this observation to FBM translates to a distribution of
data where higher sample of FBM (data mode repre-
sented by the peak of the PDF curve) are present that
have low magnitudes than high which are present in
the extreme tails. Conceptually this is justifiable as the

blade at these regions is very stiff. A positively skewed
PDF conveys the direction of data outliers, and in this
case, the outliers are present on the right side of the
distribution where FBM magnitudes are high. Kurto-
sis is also factored in the analysis and assesses the
amount of probability in the tails. The metric is defined
as “a measure of the combined weight of the tails rel-
ative to the rest of the distribution” [36]. The kurtosis
magnitude is evaluated against the kurtosis of a nor-
mal distribution, which is equal to 3. If the kurtosis is
greater than 3, then the dataset has heavier tails than
a normal distribution (more data in the tails), and if
the kurtosis is less than 3, then the dataset has lighter
tails than a normal distribution (less data in the tails).
In Figure 15, the data in the tails at radial stations 1-5
is heavy such that the kurtosis is greater than 3 and is
a maximum at station 2 where it is =~ 19. Translating
this pattern to FBM confirms that here are high proba-
bilities of extremely large FBM magnitudes, yet these
are limited to outliers in the distribution.

The statistical representation of the PDF distribu-
tions from stations 6-15 is relatively symmetrical with
medium-tailed data. The skewness of the PDFs is ~
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Figure 18: Distribution in FBM and Ely,,,, at corresponding probability levels

0, hence representing symmetric distribution of FBM
about the center point of the curve. The kurtosis in
this dataset is = 3, hence confirming medium-tails and
data peaks that match the normal distribution. Trans-
lating these patterns to FBM equates to data distri-
bution about a central point where FBM outliers are
neither highly frequent or highly infrequent. The stiff-
ness of the blade mid-span stations is impacted by the
stiffness scaling factor, and the PDF distribution con-
firms that the expected variability in FBM outcomes is
symmetric about a central point with the absence of
extreme outliers.

Similarly, the PDF about blade tip region is also
analyzed at station 16. Here it is observed that the
95% probability interval is narrow and the data points
(RCAS and ANN) are converging to a common point.
This is as a result of enforcing a zero moment bound-
ary condition at the tip that results in the lowering
of the FBM. Statistically the PDF at this station is
positively-skewed with an extended tail representing
the distribution of extreme data outliers. The kurtosis
is also positively-extreme confirming frequent outliers
that have high probability with extreme FBM magni-
tudes. The extreme positive kurtosis indicates a dis-
tribution where there are greater number of FBM data
points located in the tails of the distribution instead of
around the mean. This pattern matches the data es-
tablished in stations 1 to 5: blade regions that are nat-
urally stiff will be represented with stochastic data that
is skewed about a central point with outliers that are
characterized with extreme FBM magnitudes at high
probabilities.

As next step, the blade stiffness at the 2.5% and
97.5% probability levels which are used to establish
the central 95% probability intervals (shaded area in
blue in Fig. 15) are quantified in Table 5. The FBM is

further projected at the extreme probability levels for
each span station, r/R, in Figure 18a and the distri-
bution of Ely,,, for the respective probability threshold
database is generated using a boxplot in Figure 18b.
Figure 18b shows that the FBM at the 2.5% probability
interval in Figure 18a is representative of low flap stiff-
ness, as was also quantified in Table 5 (shaded data),
and comparatively the higher FBM at the 97.5% prob-
ability threshold is denoted with higher flap stiffness at
the respective radial stations. The results generated in
the probabilistic analysis match the trends in the para-
metric analysis in Figure 6b where an increase in flap
stiffness was accompanied with an increase in FBM.
The benefit of a stochastic based approach presented
in this analysis facilitates the quantification of observa-
tion probabilities which otherwise would not be avail-
able with a simplified parametric based approach.

The data in Table 5 also confirms that GJ is higher
on the 2.5% probability level (with low FBM) than at the
97.5% threshold (higher FBM) for each corresponding
radial station. It is also established that the lag stiff-
ness is comparable at the two probability levels. Fig-
ure 19 represents a parametric analysis of the varia-
tion in GJ and El;,, on FBM. It is shown that the trends
formed in the parametric analysis are consistent with
the stochastic data in Table 5 such that: (a) as GJ is
reduced — FBM increases and confirmed in Figure
19a; and (b) variability in El;,, has a negligible impact
on FBM and confirmed in Figure 19b.

Further it is important to note that the stiffness
parameters in Table 5 are not representative of a
range of values that would be expected between the
established upper and lower limits for FBM,,,;,,. and
FBM,..... respectively. Instead they represent the stiff-
ness magnitude for a single blade at the extreme prob-
ability threshold. Due to the coupling effects between

17
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Table 5: Blade stiffness at 95% probability interval thresholds for FBM (Fig. 15) using 500,000 Monte-Carlo

samples
2.5% Probability 97.5% Probability
Span staton@ /R | FBM[Nm] GJ  Ely,, Elyg | FBM[NM]  GJ  Elpep  Elgg
1@ 0.0742 23.47 148 044 1.28 32.65 0.80 1.24 0.77
2@ 0.1021 32.30 1183 055 0.66 47.11 0.82 1.36 0.69
3@ 0.1308 31.74 1283 042 0.73 49.71 0.80 1.40 0.94
4 @ 0.1641 23.49 1.32 042 0.95 42.59 053 1.06 0.83
5@ 0.1998 14.72 1.31 054 1.44 31.84 0.73 140 1.23
6 @ 0.2497 6.22 149 040 1.03 22.06 0.43 0.90 0.81
7 @ 0.2997 5.74 1.21 051 1.05 18.57 071 136 1.03
8 @ 0.3496 4.93 0.98 0.39 1.11 17.41 1.02 147 1.00
9 @ 0.3996 5.46 1.20 044 0.86 17.82 095 1.46 0.96
10 @ 0.4496 6.13 112 044 1.15 18.50 1.01 146 1.13
11 @ 0.4995 6.95 1.05 044 0.68 20.01 059 1.19 0.71
12 @ 0.5495 7.98 1183 046 0.76 22.00 1.06 145 0.84
13 @ 0.6495 10.10 092 043 0.84 25.85 0.60 1.24 0.71
14 @ 0.7495 12.52 1.06 046 1.00 26.62 0.76 132 0.72
15 @ 0.8495 10.15 1.00 048 0.80 16.59 0.76 1.40 1.15
16 @ 0.9195 7.91 1.08 0.38 1.04 10.19 0.63 1.20 1.07
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Figure 19: Parametric analysis representing the relationship between GJ and El;,, on FBM

the three stiffness parameters, there may existblades 5§, Conclusion

with lower and higher stiffness magnitudes than the
data reported in Table 5 even if the equating FBM is
within the established intervals. In future works, addi-
tional data analysis will be warranted to qualitatively
represent the distribution of stiffness magnitudes in
the established FBM probability design space to aid
informed decision making in the event stiffness set-
tings exceed allowable design thresholds.

18

An uncertainty quantification framework for rotorcraft
aeromechanics was introduced. The analysis focused
on characterizing and modeling the effect of aleatory
uncertainties that are normally distributed in the ON-
ERA 7A blade including torsion, flap, and lag stiff-
ness on rotor performance and loads at high speed.
A surrogate-based approach using artificial neural
networks was introduced to support large-scale data
analysis required to establish the uncertainty inter-
vals using statistical metrics. Two case studies with
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response outputs-of-interest were considered in the
analysis: (1) rotor power and half peak-to-peak tor-
sion, flap, and chord bending moment amplitudes;
and (2) spanwise structural loads from blade root to
tip. Uncertainty quantification was executed using a
Monte Carlo approach with LHS, and the analysis con-
firmed that uncertainties in rotor power are relatively
negligible, yet significant uncertainties were quantified
for the estimation of peak FBM, and most significant
uncertainties were attributed to the estimation of peak
CBM. The work then progressed to the quantifica-
tion of uncertainties in spanwise flap bending moment
across 16 radial stations. The analysis showed that
uncertainty intervals are reduced at the blade inboard
and tip regions due to zero moment boundary condi-
tions at the flap hinge and blade tip. At other regions,
the uncertainty intervals are consistent in magnitude
relative to the nominal condition when no uncertainties
are factored. For the assumed uncertainty distribution,
this analysis shows that both flap and torsion stiffness
influence the uncertainty in spanwise flap bending mo-
ment, yet lag stiffness has a negligible impact.

6. Future Work

As next steps, the analysis will be extended to model
the spanwise uncertainty due to stiffness on torsion
and chord bending moment. A global sensitivity anal-
ysis will also be undertaken to identify blade regions
where uncertainties are most sensitive to input stiff-
ness. The analysis will also be undertaken at high-
thrust setting to establish if the uncertainty patterns
established in this analysis are also consistent at other
flight conditions. Finally, an accurate representation of
the basis of the input uncertainty distribution needs to
be quantified so that a realistic representation of out-
put uncertainties can be formed.
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