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This thesis introduces a workflow that enables airframe aerodynamic desigimtegoated
earlyinto therotorcraftdesign process Hgveragingmid-fidelity Computatioal Fluid
Dynamics (CFDandMachine Learning (ML). Traditionabtorcraftconceptual desigaften
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performance trending that can deviate from initial conceptual design expectataios missed
opportunitiego capture incremental, yet significant, systewel efficienciesTo address this, a
robust parametrized geometry generation tool based orllR@Bptical expressions was
developed. This tool was then exercised usimd.80case Design of ExperimenSOE). The
geometry outputs wett@en integratethto STAR-CCM+ steady state Reynolds Averaged

Navier Stokes (RANS3imulations Ambient conditions were flight 4880ktsSea Level

StandardQ° pitch attand22k Ibf gross weightVirtual diskswere usedor theMR andPROR



The resulting CFD results were then used to train various ML regression models, out of which a
Quadratic Support Vector Machine (SVM) regression model was selected for its accuracy as
dictated by the Root Mean Square Error (RMSE) results. This trained erat#ed rapid
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pressure drag. The tailcone design that works synergistically with this bluff cockpit has a low
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an interactional aerodynamics perspective, avoidance of pressure drag pastigs propeller
aircraftconfigurationis key. Since pressure drag is proportional tmawyic pressure, any
separation yields especially large drag impacts as the proipelietion effect speeds the

flow in that regionConversely, while aft flow separation is highly penalized, some shedding of
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to higher propeller efficiency (EtaMain rotor and propeller sizing results highlight the
importance okelectingradius solidity, and rotational velocityand loadinguch that the disks
operateatthe condition for bessystemefficiencyy, whi ch doesndét necessar.
main rotorandbr propellerefficiency. Ultimately, this study shows that DOE facilitates large

initial performance gaingndcoupling it with machine learning allovagsigns to approach the

aerodynamic optimurwithin the modeled physi¢gheso calledficonverged design space
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Pref ace

While this research was conducted ovepacific academic term, the ability to execute it was
built on a long road of foundational milestones: Undergraduate studies in the Polytechnic
University of Puerto Rico, a decade of professional work at Sikorsky, and years of graduate

coursework at the Uwersity of Maryland.

That road began at the Polytechnic University of Puerto Rico. | owe much to Professor José
Pertierra, whose early guidance provided the baseline that allowed me to start this path fifteen

years ago. My decade at Sikorsky further shaped this work, teaukitigat engineering
intuition isndt an overnight achievement, but

the practical realities of rotdyorne flight.

The study presented hdareising machine learning to refine airframe desigs an interesting

look at where the field is headed: a faitcraft CFDbased optimization that moves away from

the isolated component optimizations that are then added oaieaft in a piecemeal fashion.

But this st u-dlybealsl m.otArtthief iiccinall i ntelligence
breakneck pace; this is an exploratory, simplified proof of concept is intended to be a bridge

towards more complex, less hified studies in the future. | am grateful for the persistence that

saw me through this chapter, and | look forward to maintaining the professional and academic

ties that have pushed me to reach this point as the road continues.



For ewor d

As the rotorcraft industry pushes towards cruise speeds of 180kts and beyond, vehicle efficiency
and feasibility depends on evolving the design as early as the conceptual design phase. While
sound isolated component performance and reasonable geometiry tlegrfaundation, the
interactional effects between the airframe, main rotor, and propeller are significant factors that

can either unlock additional performance or create unforeseen penalties later in the cycle.

In the current industry standard, it is possible to integrate optimized isolated components and
basic concept sizing in a harmonious wag process that is well understood through a

combination of isolated optimization and full aircraft runs to refimedidsign. However, the

ideal approach is to identify that optimal configuration from the start. By understanding the
endless interrelated variables between the airframe, main rotor, and propeller early on, we can
move towards a configuration that perforassa cohesive polished system from the start rather
than relying on later refinements. This allows us to capture that extra percentage of performance
and, more importantly, ensures a more precise performance projection early in the design cycle,
accountingor the subtle interactional effects that can otherwise be overlooked when focusing

solely on isolated components.

Thework presented in the following chapters provides a look at the type of full aircraft
optimization towards which the industry is headed. While this is a highly simplified exploratory
study, it demonstrates how machine learning can be used to identifgatitese critical trends
during the conceptual design phase. This approach allows us to better navigate the complex

design space and moves towards the higher fidelity design challenge thatgeméight.
il
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Chaptlenrt rlooduct i on

Motivation

The choice oMachine Learning (ML) in this researchnecessitated e high dimensional

nature of the rotorcraft design space. In an integrated aidpaopellermain rotor system,

factors such as main rotor and propeller blade loading implicitly dictate fuselage fineness ratio

and crosssection profile. A change in febody curvaturehangedoundary layedevelopment

and stability. These upstream flow conditidhen dictatehe presence or absence of shed

structuresand flow separatioon the aft bodyThese sucturescan then béngested by the

propeller. This ingestion changes the velocity deficit seen at the propeller plane, which in turn
changg he propul sive efficiency of the propeller
as an active flow control mechanism, influendihg final pressure recovery and the presence or
absence of significant base drag on the tailcone.

Because these variables areiaparly coupled, traditionainglevariableoptimizations are not
ideal. This work moves beyond single point, isolated design engineering towards design space
mapping. By leveraging a Support Vector Machine (SVM) surrogate, this research aims to

1 Navigate HighOrder Interactions: Explore the vast number of design permutations
that computational resources prohibit from being evaluated through exhaustive CFD.

1 Identify Governing TrendDemonstrate that 180 strategic CFD samples (via DOE)
cancapture the underlying physical sensitivities of the system aaraasonably
large dataset of RANS simulations when exercised through a ML model.

1 Matching Tool Compatibility to Design ComplexityProve that while local
optimization can yield performance improvementsximizing total power reduction
and approaching the converged design space requires a tool capable of capturing the
coupled interactions between airframe, propeller, and main rotor.

Current Design Limitations

Standard rotorcraft design methodologies often rely on decoupled, sangible optimization
or lower fidelity empirically based codes. These approaches suffer from several shortcomings in
the context of a higiperformance compound rotorcraft.

1 Failure to Capture Component Crosstalk: Conventional methods typically optimize the
airframe for minimum drag and the propeller for isolated efficiency. This ignores the high

1



order aerodynamic coupling where the air
environment, and the propellerdés inducti
pressure distribution. Without accounting for this crosstalk, a gain in ongsseimscan
inadvertently trigger a larger loss in another.

1 Convergence to Local Optima: Because the interactions between the main rotor, airframe,
and propeller are nelmearly coupled, traditional gradient based methods converge to
local optima. These methods lack the global perspective required to navigatplexco
design space, potentially missing the configuration where the combined system achieves
true minimum power required.

1 Computational Bottlenecks: Even midelity RANS simulations are too
computationally expensive for exhaustive design space exploration. A typical project
timeline cannot support the thousands of simulations required to map a multidimensional
design spaceaften forcing designs into a suboptimal geometry as the full potential of
well-integrated designs cannot be explored.

Research Objectives

The objective of this research is to prove that a Machine Learning (ML) surrogate can effectively
map the multidimensional rotorcraft design space and identify performance gains that decoupled
optimizations would miss. Specifically this work aims to:

1 Parametrize the Implicit Aerodynamic Governance: Define a robust design space using
the ROBN geometry expressions to manipulate the airframe profile. These variables
implicitly govern pressure gradients and boundary layer stability while simultaneously
constraining the viable disk loading and size of both the main rotor and pusher propeller.

1 Develop an Efficient Sampling Strategy: Demonstrate that a Design of Experiments
(DOE) consisting of a reduced and strategic number of samples can sufficiently inform a
model about the global 5physical sensitivities of the system, bypassing the prohibitive
computational costs of mifidelity RANS simulations.

1 Identify the Optimal Surrogate Architecture: Evaluate a suite of ML regression models to
determine the most effective architecture for this high dimensional design-space
ultimately leveraging a Support Vector Machine (SVM), which provided the most
capdle of capturing the nehnear crosstalk between geometry and total vehicle power
required.

1 Quantify Integrated Performance Gains: Utilize the trained SVM to identify a global
optimum that navigates complex, competing physical phenomena, including:

o0 The Wake Ingestion / Induction Balance: Managing the benefielotity deficit

ingestionby the propelleagainst the penalty @iropellerinduction driven
pressure drag on afécing surfaces.

2
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o TheVolume/DiskLod ng Constraint: Reconciling t

shaping requirements witts resulting impact on the main rotor and propeller
sizing.

o Upstream / Downstream Coupling: Balancing forebody curvature to ensure a
boundary layer witlsufficient streamwise momentum to withstand aggressive
pressure recovery requirements imposed by the tailcone.

o SystemLevel Power Reduction: Targeting a substantial reduction in total Shaft
Horsepower (SHP) by matching the multidimensionality of the analytical tool to
the complexity of the integrated aircraft design.



ChaptlLert eZ:ature Review

Rotorcraft Conceptual Desicgmd MDO

Traditional Empirical Sizing and Historical Trend Bias

Foundational rotorcraft sizing todlamost notably NDARGNASA Design and Analysis of
Rotorcraft) (Acree et al. 2008) and VASCOMP (Schoen et al, 968y heavily on historical
trends and regression based empirical formulas to estimate component performance.

1 Implicit Physics: In traditional configurations, interactional crosstalk (Such as rotor
fuselage interference) is not absent; rather, it is implicitly accounted for within the
empirical coefficients derived from decades of flight test data (Keys, 1986).

1 The NonTraditional Configuration Gap: These shortcuts lose validity when applied
to nontraditional configurations, like a compound helicopter. The historical database
is sparce for novel configurations, when compared to that which exists for
conventionakingle main rotor with tail rotor configurations (SMR). For that reason,
the empirical expressions with bakiedinteractional crosstalk that we have
developed for sizing and performance of SMR cannot be created for novel
configurations. Designers musetiefore transition from trenbased tools to physics
based surrogates (Johnson, 2011).

High Fidelity MDO and the Computational Bottleneck

Modern multidisciplinary frameworks seek to move beyond empirical sizing by integrating high
fidelity physics based solvers.

T I'ntegrated Frameworks: Tools such as the
Analysis System (RCAS) and tiA¢Hellbepart ment
environment (Wissink et al., 2015) allow for coupled CFD/CSD (Computational
Fluid Dynamics / Computation8tructural Dynamics) simulations. These represent
the state of the art in capturing interactional aerodynamics for complex configurations
like the SB1 DEFIANT or the \280 VALOR.

1 The Cost of Certainty: While these tools provide unprecedented accuracy, they are
computationally demanding. A single high fidelity point in the design space can
require thousands of CPU hours. In a design space governed by tens or hundreds of
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geometric variables, the number of evaluations required for traditional optimization
remains out of reach for the rapid iteration conceptual phase (Chandra et al, 2021).

1 The Role of the Surrogate: This creates a critical requirement forifbned
surrogate models which can learn the high fidelity sensitivities for a limited sample
set (e.g. 180 runs) and then provide rieatantaneous performance predictions
across th@lobal design space.

International Aerodynamic&l'he Physics of Crosstalk)

Wake Ingestion (WI) and Propulsive Efficiency

The ingestion of the fuselage boundary layer into a propulsor to recover energy is a concept that
matured in projects |Iike the NASA D8 nADoubl e
ROBIN geometry, ingesting the velocity deficit allows the pusher propeller to recover
momentum that would other wi se Afirgtprincipes t o t he
approach quickly proves that this means less drag and an increase in system efficiency at a fixed
operating condition a reductiorin total paver requirel (Smith, 1993).

Induction Driven Pressure Drag Magnification

A critical penalty ofpushespr opel | er i ntegration is the prope
demonstrated by Betzina (2001) and Freeman & Mineck (1986¢iROBN (Rotor Body

Interaction) tests, the suction created by the propeller accelerates the flow over the fuselage aft

body. If the tailcone contains significant aft facing surfaces, this acceleration results in a large

drop in static pressure, magnifying pressdrag.

Airframe-Induced Main Rotor Penalties

The airframe creates an aerodynamic overhead for the main rotor through vertical download and
interactional flow disruptions. Furthermore, the fuselage geometry implicitly dictates the
maximum allowable propeller diameter, which in turn dictates the maiadlowable main

rotor diameter.

Machine Learning in Aeronautid Engineering

Surrogate Modeling Strategies

Surrogate models can serve as mathematical approximations of high fidelity CFD data. Common
techniques include Kriging (Simpson et al, 2001) and Radial Basis Functions (RBF). While
effective for low dimensional problems, these models often struggle \eithotklinearity of
interactional aerodynamics when sample sizes are constrained (Queipo et al., 2005).
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Support Vector Machines (SVM) for Highimensional Design

Among various ML architectures, the Support Vector Machine (SVM) has proven robust for
capturing complex, nehnear relationships in high dimensional space with sparse datasets
(Vapnik, 1995).

1 Handling High Dimensionality: Clarke et al. (2005) and Vienna et al (2010) conducted
comprehensive comparisons of surrogate models (Kriging, RBF, SVM). They
demonstrated that as the number of design variables increases, SVM maintains better
global generafiation and are less prone to the noise found in high fidelity CFD data
compared to traditional polynomial response surfaces.

T Superiority in Sparce Aero Data: Luo et al
aerodynamic shapsptimization, proving that for datasets where the number of samples
is relatively low (O(100)) compared to the dimensions (EXQ)), the Radial Basis
Function (RBF) kernel provides a more stable fit than Neural Networks, which typically
require thousandsf samples to converge.

1 Capture of Non Linear Transitions: Duvigneau and Visonneau (2004) showed that SVMs
are exceptionally capable at identifying ridges in the design $psweh as the sudden
onset of flow separation or the drag rise sometimes caused by propeller indwetimm
are often smoothed over or missed by simpler regression techniques.

Figure 1. NASA D8 Double Bubble Wind Tunnel Téstlel
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GeometnDefinition andMathematical Basis

The fuselage geometry used in this study is a parametric evolution of the NASA ROBIN (Rotor
Body Interaction) model. While the original ROBIN was designed specifically for experimental
wind tunnel testing to explore rotfuselage interference (Freeman &ndck, 1986), this

research utilizes a modified analytical version to enable-tigfity automated design and
surrogate training.

SuperElliptical Analytical Expressions

To transform the ROBIN shape into a morphable design spiec&selage surface is defined by
mapping cross sections along the longitudinakis. The general form for any cross section is:

Where:

1 & and'Qw: the half width and half height as functions of radial position.
1 € w:the super ellipse exponent, which determines the squareness of the section

Surface Continuity and Solver Stability

A critical modification for this study was enforcidg continuity (curvature continuity) across
the fuselage skin:

1 Numerical noise mitigation: Standabd (Tangent) continuity can contain kinks in the
rate of change of the slope. In a RANS solver, these are often misinterpreted as physical
phenomena, triggering artificial flow separation.

1 SVM Data Integrity: As the Support Vector Machine (SVM) was identified as the highest
performing regression model for this dataset, maintaining a smooth geometry ensures the
ML model learns genuine aerodynamic sensitivities rather than reacting to nlimerica
noise.

Junction Aerodynamics and Intersection Logic

While the fuselage and pylon surfaces are individually defin@éd asntinuity, the MRP
fuselage juncture is modeled as a distihctliscontinuity (a sharp corner of approximately 90°):
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1 Interference Modeling: This approach allows the simulation to capture the complex
horseshoe vortices and interference drag associated with unfilleted junctures.

1 Conservative Estimate: By omitting fillets, the research provides a conservative estimate
of the aerodynamic overhead and forces the optimization to find pylon shapes that
minimize interference through longitudinal placement, fineness ratio, etc. radher th

local blending.

Design Variable Parametrization

The design space is defined byindependent variables governing the airframe, pylon, main

rotor, and propulsor framework.

Tablel. Modified ROBIN Design Variable Definitions and Bounds

CATEGORY DESIGN BOUNDS [MIN, PHYSICAL SIGNIFICANCE
VARIABLE MAX]

FUSELAGE Cockpit Start [0.00, 0.10] Nose location.
Cabin Start [0.30, 0.40] Transition to mid body.
Tailcone Start [0.70, 0.90] Start of aft body pressure

recovery

Width Adjustment [95%, 105%)] Scaling of vehicle width
Camber Line Adj. [60%, 140%)] Adjusts vertical spine curvaturt
Cockpit Z Start [0.06,0.10] Nose vertical offset

PYLON MRP Start [0.30, 0.45] Leading edge of MRP
MRP Aft [0.65, 0.90] Pylon Shoulder Location
Transition
MRP End [1.00, 1.20] Trailing Edge of MRP
MRP Backface [10%, 100%)] Crosstalk knob: pressure drag
Slope risk
MRP Camber Line [60%, 140%] Adjusts vertical spine curvaturt
Adj.

SPINNER/PROP | Spinner Start [1.80, 1.95] Aft body / propulsor interface
Spinner End [2.00, 2.05] Final longitudinal termination
Spinner Z End [0.00, 0.08] Propeller shaft verticaiffset;

boattail angle

Spinner Slope [0.40, 2.00] Pressure drag risk
Spinner Root [0.04, 0.06] Propeller hub blockage
Radius




Rules BaseWehicleDesign

To analyze a relevant configuration, the geometry was scaled by a factor of 7.72m to arrive at a
ballpark fuselage length of 50 ft. This scale was selected to benchmark the vehicle against the
H60 utility helicopter, ensuring that a 22,000 Ibf Gross Weight (GW) was reasonable for the
resulting disk areas.

Main Rotor (MR) Integration

1 Placement and sizing: Longitudinally, the origin was placed at midpoMR&t Start/
Transition radius extends tS8pinner StartThis means main rotor radius is as large as
possible giverfallout clearance requirements to the propeller.

1 Architecture: dbladeswith a thick inboard section for lift, and a thin outboard section for
high Mach performance.

1 Solidity: Thrust Weighted Solidity,( ) ranges between 0.075 and 0.10, since chord
was not scaled with radius on a design per design case.

Pusher Propeller (PROP) Integration

1 Placement and Sizin@rigin at 1/3 of spinner length; radius sete as large as possible
givenfallout clearanceequirements to the ground plain and/or main rotor plane

1 Architecture: 6 bladed system, 66 series NACA airfoils

1 Solidity: Thrust weighted solidity, ( ) ranges between 0.24 and 0.39, since chord was
not scaled with radius on a design per design case.

ImposedConstraints& Checks

1. Compressibility: Rotational speeds were capped to ensure that the Helib&dhp
Number (PROP) and Advancing Tip Mach Number (NEt t00.90.

2. Geometric Consistency: Automated scripts performed checks to prevent geometric

interference or spatial overlap between the main rotor and the propulsor regardless of
airframe morphology.

Design of Experiments (DOE)

To navigate the @imensional design spaoéthe integrated aircrafa D-Optimal design
strategy wagmployed This approach was selected over exhaustive sampling to maintain
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computational feasibility while ensuring the dataset remained robust enough togheiialelity
surrogate models. The DOE was initiated in MATLAB to create a space filling distribution. This
ensures the 180 unique configurations are not just random, but strategically placed to capture the
global physical sensitivities of the system.

DOE Strategy

The DOE was initialized in MATLAB using a Latin Hypercube Sampling (LHS) candidate set to
create a spaefdling distribution. While the LHS provided a cloud of potentahfiguration§

ensuring each variable was sampled across 10 discretedldtiel© -Optimal algorithm acted as

a mathematical filter. By selecting 180 specific configurations that maximized the determinant of
the information matrix, the strategy ensuredgamples were strategically placed to capture

global physical sensitivities rather than relying on random distribution.

In practical terms, the information matrix serves as a gauge of the knowledge a sample set
provides about the design space. Maximizing its determinant ensures the selected cases are
positioned to provide the greatest possible reduction in model uncegaohtyinimized

variance in predicted model coefficients. This mathematical optimization allows the dataset to
capture the nonlinear crosstalk between the airframe, main rotor, and propeller as effectively as a
significantly larger, unoptimized dataset.

D-Optimal Applicatiort Model Oriented Filteng

The D-Optimal algorithm was guided by a full second order (quadratic) regression target. This
approach assumes that the governing interactional aerodynamics are dominated by quadratic
behaviors, including linear, interaction, and squared physics. Givemtictional

aerodynamics are rarely exclusively linear, this assumption allows the DOE to capture
phenomena that do not occur at a constant rate. Key technical safeguards provided by this
approach include:

1 Geometric Span Validation: Ensuring sufficient coverage to account for linear,
interaction, and squared physical sensitivities.

1 Matrix Solvability: Targeting a quadratic structure ensures the resulting sampling matrix

is nontsingular. This guarantees the dataset is mathematically robust enough to support
the surrogate models used in the subsequent machine learning optimizatean phas

LHS Input Parameteimnd Execution Logic

The resulting dataset was designed to capture the physics of crosstalk between the airframe, main
rotor, and propelleasing the following input parameters:

1 Factors: 16 independent geometric varialtlesined inTablel).
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1 Levels: 10 discreet levels per factor.
1 Sample Size: 180 unique configurations / cases.
i1 Execution Logic:
o Tries: 3 (attempts per case to achieve a stable solution).

0 Max iterations: 1,000 (maximum solver iterations per try).

Computational Frameworéind Solver Strategy

The evaluation of the 180 designs was conducted using ST@R+, managed by a custom
Javabased macro. This framework automatedttaesition from the 1&ariable design matrix
to a high fidelity converged solution, ensuring that each case in the DOE reached a stable
aerodynamic solution.

Domain and Boundary Conditions

The airframe was situated in a large scale numerical tuimael to simulate unconfined forward
flight.

1 Velocity Inlet: A uniform freestream was across the inlet pldneestablish the target
cruise flight speed.

1 Slip Walls: The lateral and vertical boundaries utilized slip (zero shear) wall conditions.
This prevented the growth of a tunnel boundary layer, ensuring the aircraft was not
subject to artificial tunnel blockage effects that are not encountered itidige f

1 Pressure Outlet: The exit plane was defined as a Static Pressure Outlet, positioned
approximately 6 fuselage lengths downstream. This distance was selected to allow the
highly energized wake from the main rotor, airframe, and pusher propeller to begin
recovering before reaching the boundary. This minimizes numerical reflections that could
destabilize the upstream pressure field.

1 Fixed pitch attitude: Simulations were constrained to a fixed pitch attitude and main rotor
shatft tilt of 0°. While less than ideal for understanding the entire aircraft design space, it
does allow constraint of the sensitivity between the airframe ampdision system
without confounding angle of attack driven sensitivities.

Physics and Virtual Blade Modeling (VBM)

The solver employed a steady state, segregated flow approach whith th&urbulence
model and an incompressible flow assumption. While the interactional aerodynamics of a
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high speed rotorcraft are highly unsteady, a steady state approach was chosen for this
exploratory study to enable high throughput search of the 16 variable design space.

To capture timeaveraged momentum exchange of the rotors, Virtual Blade Models
(VBM) based on Blade Element Theory (BET)t were used. To achieve a realistic trim
state for the 22,000Ib aircraft, controls were adjusted to satisfy the following
requirements:

1. Vertical Trim (Lift): The main rotor collective was solved to satisfy:
0 ¢ & g "® @

2. Longitudinal Trim (Drag): The propeller thrust was adjusted to overcome total
vehicle drag by accounting for airframe drag and main rotor in pldoecg:

Y O @

3. Moment Trim: The VBM controller accounted for the trim of main rotor pitch and
roll moment. This was critical because at high advance ratio retreating blade stall
can cause MR wind frame drag and shaft frame torque to quickly rise while
simultaneously bem physically unable to trim to low moments.

Meshing and Convergence

The study utilized a fully structured meshing approach to ensure numerical accuracy and
alignment with the flow physics. Unlike unstructured tetrahedral meshes, the structured approach
reduces numerical diffusion, which aids in capturing the physics ebtbedownwash over the
airframe and propeller.

1 Boundary Layer Resolution: The airframe surfaces were wrapped in structured prism
layers. Although these layers exhibit high aspect ratios to resolve the viscous sublayer,
they maintain a structured topology to accurately capture critical pressure anstidssa
gradients.

1 Domain meshing: The remainder of the numerical wind tunnel was populated with a
structured hexahedral mesh. This ensured that the wake propagation from the main rotor
to the pusher propeller was resolved with minimal grid dissipation.

1 Automatic Mesh Refinement (AMR) The Java Macro triggered local refinement in
regions of high velocity gradients. This dynamically increases cell density around the
VBM actuator disks and within the downstream wake, ensuring for example that the
crosstalk vinere the propeller induction reshapes the tailcone flow was captured with high
resolution.
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1 Stopping Criteria: Each configuration was solved for 1,000 iteratMaositoring the
force and moment coefficients confirmed that this duration allowed the integrated
aerodynamic loads to reach a stable converged state.

1 Data Integrity: The automated script managed the 180 case matrix to ensure that the final
dataset provided to the machine learning model was complete. Thanks to the DOE
approactdescribedn previous sections, these cases were mathematicaligingular,
and covered an adequate geometric span to capture second order effects.

SurrogateModel Development

The model development phase served as the bridge betwedidetigt CFD simulations and

the machine learning environment for surrogate modeling. The raw data from the 180 RANS
simulationsi specifically the modified ROBIN design variables and the regptotal vehicle
Shaft Horsepower (SHR)were organized into a tabular format. To ensure a robust training
process, the data was processed using the MATLAB Regression Learner App . Rather than
manual feature engineering, the raw design variables wereaaggddictors, relying on the
appo6s i nter nal-cabeaaaddt o establighthe relatienship d&ween airframe
geometry and system level power requirements.

Regression Selection

To identify the most accurate models for the complex aerodynamic interactions of the rotorcratft,

a wide variety of regression architectures we
Regression Learner App. The candidate pool included eight prieggssion categories

including: Linear Regression, Regression Trees, Support Vector Machines, Gaussian Process
Regression (GPR), Ensemble of Trees, and Neural Networks. Each category included several
subtyped such as Linear, Quadratic, and Cubic Kerf@sSVMsi resulting in a

comprehensive study of dozens of candidate models

- Linear Regression Mode{kinear, Interactions, Robust)

- Regression Trees (Fine, Medium, Coarse)

- Support Vector Machines (Linear, Quadratic, Cubic, Gaussian)

- Gaussian Process Regression (Squared Exponential, Matern, Exponential)
- Ensemble of Trees (Boosted, Bagged)

- Neural Networks (Narrow, Medium, Wide, Biyered)

- Kernel models (SVM, Least Squares)

- Linear Spline Models

As summarized ifrigure12. Summary of Machine Learning RMSE Resulte Quadratic

Support Vector Machine (specifically Model 2.9) emerged as the superior architecture. While
simpler models like Linear Regression failed to capturetiminearcrosstalk between the
fuselage and the propeller induction field, the Quadratic SVM successfully resolved these high
order aerodynamic interactions using the available small training dataset
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Validation (RMSE)

The predictive performance of all candidate models was ranked according to their Root Mean
Square Error (RMSE). The App utilized a 5 fold cross validation scheme as the default setting to
prevent overfitting and ensure the model could generalize @ %hallion-case design space
evaluation. RMSE was chosen as the primary validation metric because it effectively penalizes
larger residuals

TheFigurel3. Predicted vs True Response for Quadratic SVM (Mo@ldemonstrates a high

degree of correlation between the surrogate predictions and the mid fidelity CFD results.

Especially at the low power required points, which are of highest intétestvalidation

provided the statistical foundation necessary
large scale optimization phase, where it reduced the total ISbesfepowe(SHP) by 7.4%

compared to the ROBIN baseline.

Figure 2. Sample Geometric Perturbation of the MRP
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Figure 6. STARCCM+ Wind Tunnel Mesh Cross Section
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Figure 8. DOE Study Meshed CreSectionsLevel Pitch Attitude
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ChapdRasul ts and Discussi on

The integration of mididelity computational fluid dynamics (CFD) with advanced machine
learning (ML) surrogate models represent a fundamental shift in rotorcraft design paradigms,
moving away fromsolated component optimization toward a holistic, sysrel design space
exploration. Chapter 4 synthesizes the findings of this approach, evaluating how the complex
aerodynamic interactions between the airframe, the main rotor, and the pushermpdagatke

total vehicle efficiency. Through the systematic evaluation of theca88 Design of

Experiments (DOE) and the subsequent optimization conducted via Quadratic Support Vector
Machine (SVM), this analysis clarifies the physical mechanisms thbteea&.4% reduction in
required shaft horsepower (SHP) for high speed edgewise flight.

Optimization Summary

The transition from conceptual design to a converged aerodynamic optimum requires navigating
a high dimensional design space where geometric variables al@eary coupled. Traditional
methods often fail to capture the crosstalk between componemlingea configurations that

may be locally optimal for drag or lift but suboptimal for total system power required. The
optimization summary presented here evaluates the efficacy of the machine learning framework
in identifying these elusive systelevel dficiencies.

Design space convergence and Regression Performance

The core of the optimization utilized a Quadratic Support Vector Machine (SVM) regression
model, identified as Model 2.6 in the research suite, which provided the lowest Root Mean
Square Error (RMSE) when validated against 180 CFD generated samplegetiiis s

architecture was selected due to its superior ability to handle the sparce yet high dimensional
data characteristic of interactional aerodynamics, where sudden transitions in fldwssiztieas

the onset of boundary layer separatiareate disontinuities in the design space that simpler
polynomial surfaces often smear. The trained model facilitated the near instantaneous evaluation
of 0.9 billion airframe geometry perturbations, a task that would be computationally impossible
using exhaustive RANS simulations alone.

The Design of Experiments (DOE) strategy, utilizing-@ptimal filtering approach on a Latin
Hypercube candidate set, ensured that the 180 configurations sampled across the 16 variable
design space were positioned to maximize the information matrix detsrmThis

mathematical rigor allowed the model to learn not just the linear impact of individual variables
like tailcone start or cockpit width, but also second order interaction terms, such as how forebody
curvature dictates the efficacy of pressur@vecy at the tailcone.

As indicated inTable2, the optimization process successfully reduced the required SHP from
2,282.11t0 2,113.1, a 169 SHP delta representing a 7.4 improvement in efficiency. This reduction
is primarily driven by a significant decrease in airframe drag (1,029 Ibf to 838 llz)and
corresponding refinement of the propul sor 6s
efficiency to 0.845.

19

(0]



Table2. Performance Metrics Comparison for the Robin Baseline, an Intermediate High Performer (Case 50), and the ML
Optimized Configuration (Case 225)

CASE CONFIGURATION TOTAL POWER (SHP)
ROBIN BASELINE 1 2,282.1
CASE 50 1 2,135.3
CASE 225 (OPTIMIZED) 1 2,113.1

Global Optima vs Global Sub Optima

The summary of aircraft performance result§igure10 and the total power required

comparison irFigure11 demonstrate the limitations of incremental design changes. While Case

50 achieved a 6.4% improvement over the baseline primarily through substantial drag reduction,

it was the machine | earning model 6si ability t
balancing airframe form drag against wake ingestion berietfitst pushed the design into the

converged design space. The RMSE results summarizédure12 confirm that the Quadratic

SVM effectively mapped the underlying physical sensitivities, allowing the optimizer to navigate
toward a global optimum that accounts for the competing requirements of the main rotor, main

rotor pylon, and pusher propeller.

Airframe Flow Conditioning

A fundamental discovery of this research is that the efficiency in high speed edgewise flight is
maximized not through extreme streamlining, but through specific flow conditioning enabled by

a bluff cockpit design. This design philosophy acknowledgedtime ai r fr amedés prin
aerodynamic role in an integrated system is to manage boundary layer development to ensure

health and attachment in the critical tailcone pressure recovery region.

When mentioned in figures throughout this secgtiba Pressure Coefficient (Cp) is
dimensionlesanddefinedas Cp=(pp ®) [/ ( 0. 5 He lajtePp répresemdthelocal n t
static pressure, while pb is the freestreamr
gauge pressure at sea level. The denominator represents the dynamic pressure, calculated using a
standard sekevel airdensitf } ) of 1.225 kg/ mj and a freestr
(180 kts). This equation normadiz the pressure differences across the model, allowing the
aerodynamicist tcompareresultsacross different speeds and scales by relating local pressure

changes directly to the kinetic energy of the incoming flow.

Forebody Pressure Managemant the Bluff Cockpit Paradigm

Intuitive aerodynamic design often favors highly streamlined, slender forebAdiesefit of
this approach is the delay of the boundary layer transition laormarto turbulent flowwith
respect to a bluff designlhis can yield aerodynamic benefits by minimizing localized skin
friction drag. However, the machine learning optimization revealed a centigive geometric
imperative for this specific rotorcraft architecture: efficiency in a pusher propeller catiagu
i's maxi mi zed ctolcrkou g h da sfi lglnwf. f
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The physical justification for the bluff cockpit lies in the deliberate manipulation of the upstream
pressure field to achieve a specific flow conditioning protocol. When a fluid encounters a bluff
forebody, it is forced to undergo a rapid and aggressivel@ration from the central stagnation

point around the curvature of the nose. Accor
flow, this extreme local spatial acceleration establishes a profound suction peak, characterized by

a highly negative prasire coefficient at the immediate forebody.

Following this pronounced suction peak, the flow experiences a robust, favorable pressure

gradient (dp/dx < 0). A favorable pressure gradient. A favorable pressure gradient inherently
stabilizes the boundary layer, acting to accelerate fluid particleswiid viscous sublayer. This
acceleration increases the velocity gradient at the wall (du/dy) and consequently elevates the wall
shear stress, promoting a fuller, highly energized velocity profile. Therefore, the primary
aerodynamic role of the forebody this integrated system is not merely to minimize its own

|l ocali zed parasite drag, but to actively mana
against downstream flow separation.

By forcing the freestream flow through this severe initial acceleration, the bluff cockpit ensures
that the boundary layer accumulates and retains exceptionally high streamwise (iertial x
direction) momentum. This upstream flow conditioning is the fouoxak aerodynamic

mechanism that allows the boundary layer to survive the highly destabilizing aerodynamic
environment located further aft along the fuselage. The pressure coefficient contours illustrated
in Figure19 corroborate this phenomenon, demonstrating how Case 225 establishes a distinct
pressure distribution at the nose that fundamentally alters the downstream viscous development
compared to the ROBIN baseline.

Boundary Layer HealtitMomentum Thickness, Wall Shear Stress, and Separation Avoidance

As the boundary layer propagates downstream from the bluff cockpit along the mid fuselage, it
inevitably begins to lose kinetic energy due to skin friction and turbulent dissipation of energy
within the fluid. The structural integrity and health of thisibdary layer are mathematically
governed by its momentum t hitkThelecawalilsheand t he
stress serves as the primary diagnostic indicator of flow attachment.

In suboptimal designs with highly streamlined cockpits, not much kinetic energy is imparted to
the innermost layers of the flow. Thigaintairs a thin, lowdrag boundary laydhat is deficient

in streamwise momentum by the time the flow reaches the aft transition region of the MRP. This
makes it highly susceptible to detachment when it encounters the adverse pressure gradient
(dp/dx>0) that is associated with a contracting MIRE tailcone. This flow condition causes an
increase in static pressure that forces the fluid to deceleratetl@nki@etic energy of the

innermost flow is entirely depleted by the combined opposing forces of viscous friction and the
adverse pressureatient ¢ 1T, the flow reverses and boundary layer separation ensues.

The ML optimized Case 225 explicitly circumvents this undesirable aerodynamic occurrence.
The bluff cockpit design successfully front loads the boundary layer with high streamwise
momentum by:
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1. Vortex-Induced Mixing: Sharp bluff geometries trigger flow separation at the leading
edge, generating coherent streamwise vortices. These structures act as a mechanism for
passive flow control, facilitating the entrainment of higHocity fluid from the
freestream into the Veer regions of the boundary layer.

2. CrossStream Momentum Transfer: While laminar flow is characterized by parallel
streamlines with minimal intdayer diffusion, the blufinduced turbulence facilitates
turbulent transport. Through the action of Reynolds stresses, high streamwise momentum
is transferred via nss exchange from the higimergy outer flow to the inner laof-the
wall region.

3. Boundary Layer Re-energizatiort This intensive mixing modifies the mean velocity
profile, shifting it from a parabolic (laminar) to a more logarithmic (turbulent)
distribution. The resulting profile is "fuller,” possessing a significantly higher velocity
gradient (du/dy) at the wall dra greater concentration of kinetic energy near the surface.

4. Separation Delay:This preloaded momentum increases the boundary layer's resistance
to flow reversal. When the flow encounters an adverse pressure gradient (dp/dx>0), the
energized fluid can overcome the increasing static pressure, effectively delaying the
separation poinand reducing the magnitude of the pressure drag (form drag) associated
with a large wake.

This results in a boundary layer that is sufficiently robust as it traverses the entire airframe
without yielding premature separation. It is interesting that the separated area in front of the
MRP seems to cause a strong horseshoe vortex that conveastid@am causing a particularly
evident case of the previously mentioned vortex induced miXiisgalizations of wall shear
stress, pressure coefficient, and dynamic pressure ratio and shbigar@l7 throughFigure

20, while visualizations of vorticity magnitude are showrrigure22 throughFigure23.

The prevention of flow separation is the paramount objective of this flow conditioning strategy.
Flow separation on a bluff body or aerodynamic fairing typically generates a massive turbulent
wake, characterized by large scale vortex shedding and a deaktation in base pressure on aft
facing surfaces. This suction phenomenon manifests macroscopically as pressure drag (or form
drag), which is frequently an order of magnitude larger than skin friction drag in poorly
optimized rotorcraft fuselages. Thrdudetailed tracking of the nedfimensional pressure

coefficient vs longitudinal station iRigurel9, it is further demonstrated that there is no strong
suction and thassociatedbw pressure coefficients, hence Case 225 sustains attached flow.

Interactional Physicand Aft Fuselage Aerodynamics

The true systemic of the optimized boundary layer is realized at the aft fuselage, where complex
interactional aerodynamics dictate the ultimate propulsive requirements of the compound

aircraft. Traditional decoupled optimization can fail in this geometric region because it ignores

the nonlinear crosstal k bet weementstthe devetopmertr a me 6
of the viscous wake, and the highly active induction field generated by the pusher propeller.
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Tailcone Adverse Pressure Gradiesmsl Geometry Synergy

As the geometry tapers toward the tailcone, the cross sectional area necessarily decreases,
forcing the external flow to decelerate and the local static pressure to rise back toward freestream
atmospheric values. This necessary deceleration inherenttgcraadverse pressure gradient.

The severity and spatial concentration of this gradient are geometrically governed by the boattalil
angle, the specific angle at which the aft fuselage converges toward the propulsor hub.

The optimization process revealed that the tailcone design must work in absolute synergy with
the upstream flow conditioning. To capitalize on the high momentum generated by the forebody
and level pitch attitude flight (0°), the ML optimized configurat{@ase 225) utilizes a low boat

tail angle. This low boat tail angle elongates the longitudinal distance over which pressure
recovery occurs, thereby significantly reducing the localized magnitude of the adverse pressure
gradient.

Even with the high streamwise momentum provided by the bluff cockpit, a steep boattail angle

would enforce a pressure gradient too severe for any boundary layer to overcome without flow
separation. A steep gr adi e nremainiogkinaiicenengg,vi t abl vy
force the wall shear stress to zero, and induce massive separation. By combining the high
momentum boundary layer with a low boat ail angle, the optimized configuration manages a

gentle, controlled aerodynamic deceleration. Viga#ibns at the aft body iRigure16 through

Figure19 show this. Remember when observing these that to relate pressure coetfidient (
acceleration and deceleration:

1 _F<0 (Negative Pressure&oefficient - Acceleration): When the air flows over the
upper surface of the airframe, it is forced to accelerate due to the curvature, leading to
lower static pressure compared to the free stream (suction). This is represented by a
negatived . The more negative thie (a larger "peak" on the plot), the higher the local
velocity and acceleration.

1T FL (Positive Pressure Coefficient Deceleration): Conversely, as the flow moves
towards the trailing edge or hits the leadedpe stagnation point, the air slows down,
resulting in higher pressure. A positige indicates that local pressure is higher than the
free stream, meaning the flow has decelerated.

T _p=0 (Free Stream):A value of zero indicates that the local pressure is equal to the
surrounding freestream atmospheric pressure.

Finally, some key points ol and flow dynamics that should also be kept in mind include:

1 Stagnation Point: At the leading edge, the flow hits the airfoil and stops (stagnation
point), causing pressure to reach its maximum. Herés generally +1.0.

1 Minimum Pressure Point: The location of the most accelerated flow (highest velocity)
on the upper surface aligns with the most negdtivealue, often called the "suction
peak".
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1 Pressure RecoveryAs the air travels from the minimum pressure point toward the
trailing edge® increases (becomes less negative or less positive). This is known as
pressure recovery or deceleration.

T Bernoul |l i és principle redhemahegatiachi t o di mens

relationship that provides these insightsncompressible flois6 p — where:

o Vs the local velocity
0  is the freestream (oncoming) velocity
o Confirming that as V increase®, decreases.

Boundary Layer Ingestion, Velocity Deficits, and Propulsive Efficiency

While gross flow separation and its associated pressure drag are highly penalized, the
interactional physics of the pusher configuration present a unique opportunity for energy
recovery though Boundary Layer Ingestion (BLI). The Mltcrogate model identified a delicate
balance within the design space: while avoiding large scale separation is paramount, the
controlled shedding of specific low velocity structures id actually aerodynamically favorable.

As the boundary layer traverses the full length of the fuselage, it naturally thickens due to
viscous diffusion, cresting a viscous wake characterized by distinct velocity deficit relative to the
freestream. When a pusher propeller is mounted at the exai#trof the vehicle, it physically

ingests this viscous wake. The ingestion of a velocity deficit fundamentally alters the propulsive
efficiency () of the rotor system.

Froude propulsive efficiency is determined by the ratio of useful work done by the propeller

(thrust multiplied by flight velocity, the so called power velocity relationship) to the mechanical

shaft power expended. This relationship can be conceptudiimadyh the power balance

met hod, which assesses the kinetic energy was
operates in clean freestream air (isolated performance), it must accelerate the incoming air from

the freestream velocityw to a much higher jet velocityw to produce the required thrust.

This jet velocity leaves significant excess kinetic energy dissipated in the wake, which represents
wasted shaft power.

However, when the propeller ingests the airfr
the propeller planew s significantly slower tham due to the momentum deficit (as implied

in the linear momentum expressign & Z 0; wheren is momentum, m is mass, Vv is velocity).

The propell er can achieve the required moment
taking this slowed air and accelerating it back up to, or slightly above, the freestream velocity.
Because the final jet vatity relative to the freestream is much lower than in the isolated case,

the kinetic energy dissipated and lost to the wake is drastically reduced.

The geometric optimization of Case 225 perfectly exploits this mechanism. Visualizigaiia
21, the design represents a distinct, controlled velocity deficit directly within the operational
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anulus of the propeller. This condition allows the propeller to recover momentum that would
ot herwise be permanently | ost to the airframe
increase in propeller efficiency- .

This dynamic represents interactional aerodynamic design: the airframe is shaped not only to
minimizeits own isolated drag, but to actively condition a wake that enhances the operational
efficiency of the propulsion system. The optimized configuration proves that the aerodynamic
optimum is found by perfectly balancing the penalty of induction driven predsageagainst

the benefits of velocity deficit ingestion. The vorticity visualizationBigure22 andFigure23
highlight specific, controlled shedding of these low velocity structures that feed directly into the
propulsor.

Rotorand PropellerPerformance AnalysiSystem Integratigrand Compressibility

Blade Loading and Compressibility

Beyond the complex management of fuselage and MRP geometry and boundary layer, the
performance of the integrated compouatbrcraft relies heavily on rotor and propeller sizing,
loading, and their operational constraints. In the computational framework utilized for this
analysis, both the main rotor and the pusher propeller were modeled using Virtual Disk Models
(VDM), basedon Blade Element Theory (BET). This lower fidelity modeling approach allowed
the steady state CFD solver to capture the time averaged momentum exchange between the
rotors and the surrounding Flowfield, enabling a satisfactory representation of the tfilghted
state without enormous computational expense.

Main Rotor and Propeller Blade Loading Optimization

The aerodynamic efficiency of rosis sensitive to blade loading coefficient (Cij) , a non
dimensional parameter that relates the thrust coefficient (CT) to the thrust weighted saliflity (

of the rotor disk. High blade loading implies that a small blade area is producing a large amount
of thrust, which can lead to blade stall aischssociated increase in power required, control

loads, inability to trimetc Conversely, an excessively low blade loading implies an oversized,
heavy rotor system thgenerates disproportionate parasite drag dite tassive wetted area

and suboptimal local airfoil orientation along the blddgen bylow lift requirementsFor

propellers, it is customary toackthe propeller thrust coefficient (CTp) to understand loading.

The sizing results for the main rotor and propeller in the optimized geometry underscore the
necessity of selecting a radius such that both disks operate at an optimal blade loading
coefficient. While the blade tip speed also affects blade loading, for this study it was set to 0.90
Machusing engineering judgemend avoid adverse compressibility effects and reduce
computational timeln the specific case of the pusher propeller, its maximum radius is strictly
constrained vertically by the clearance reemoients to the main rotor blades and to the ground
plane. The optimization implicitly handled these volumetric constraints by respecting clearance
requirements, ensuring that the 6 bladed NACA 66 series airfoil propeller maintained a propeller
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CTpconductive to high propulsive efficiency as seefrigurel0. More specifically, the

propeller geometry and performance fell out as follows:

T

T

“w = 0.257Case 225 vs 0.200 Baseline
1 CTp of 0.09Zase 225 vs 0.075 Baseline
' 2 T Cas® 226 ¥s 0.72+ Baseline

T R 3.17 fiCase 225 vs 4.01 ft Baseline

For the main rotor to achieve a realistic trim state for tH2aDO0 Ib aircraft, the vertical trim
condition must satisfy the gross weight requirement, plus airframe lift or download, while
simultaneously trimming thbead moments to near zero so that the aircraft does not roll over
or impart a large pitch moment requirement on the horizontal tail that will eventually be
integrated to the design. The optimized main rotor geometry fell out as follows:

=4 =4 -4 -4 -4

“w = 0.088Case 225 vs 0.0781 Baseline
R =29.13 ft Case 225 vs 32.9 ft Baseline
CT/ w of 0.072 Case 225 vs (6@ Baseline
L/De 0f9.5 Case 225 vs 10Baselingboth likely optimistic)
Afrontal flat platedrag(Fe)of
0 6.9sq. ft. (2.54sq. ft. Airframe #.36sg. ft. MR Dragfase 225

0 9.3sg. ft. (3.98 sq. ft. Airframe 6.33 sq. ft. MR Drad}aseline

Power Allocation and Systemic Gains

The ultimate success of the boundary layer conditioning, tailcone pressure management, and
precise rotoand propelleintegration is directly measurable througkal power required
differencesdhetween the baseline ROBIN configuration and the ML Optimized Casé&@Rse

10 summarizes the aircraft performance results, Taatile 3 depicts the totadnd percomponent

power required. Together, these show the aerodynamic efficiency and dimensional load tradeoffs
that occur at the subsystem level in order to baimgtimprovement upon the metrad most
importance to aircraft performancetdl system power required.

Table3 Aircraft Performance Breakdown

PERFORMANCE METRIC ROBIN BASELINE CASE 225  DELTA (CHANGE)
TOTAL POWER REQ. 2,282.1 SHF  2,113.5 SHF -169 SHP {7.4%)
MAIN ROTOR POWER 1,497 SHP  1,528.9 SHF +32 SHP (+2.1%;
MAIN ROTOR THRUST 21,776 Ib 21,814 Ib +38 b (+1.8)

MAIN ROTOR DRAG 584.8 Ib 478.7 Ib -106.1 Ib(-18.1%)

MAIN ROTOR L/DE 10.24 9.53 -0.72 €7%)
PROPELLER THRUST 1,031.31b 763.7 Ib -267.6 |b €26.0%)
PROP POWER (SHP) 7851 SHP 584.5 SHP  -200.6 SHP{5.6%)
PROP EFFICIENCY 0.726 0.722 -0.004 ¢5.4%)
AIRFRAME DRAG 437.0 b 278.8 Ib -158 Ib €36.2%)
AIRFRAME LIFT 188.9 Ib 164.0 Ib -24.9 Ib(-13.2%)
AIRFRAME L/D 0.43 0.59 +0.16 (+36.1%)
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The datan Table3 clearly demonstrates thieadeoffs, and ultimately net benebf, the

interactional phenomerthat are implicitlyhandledn full aircraft optimizationThe large

reduction of airframe dra@158 Ib brings the airframe to a higher aerodynamic efficiesteye

(0.59 L/D) as adirect result of bluff cockpit flow conditioning working in concert witlow

boattail angle tailcone to prevent separation driven pressure drag that wegsloebally

harmful to this configuration becausemfshempropeller induction. Because the airframe
produces less drag, the propeller has to thrustdessthereby has less associated power
required(-200.6 SHRP at a similampropelleraerodynamic efficiency to the baselif@e72" ) for

the 180 knot cruise conditioAs mentioned before, the deliberate ingestion of shed airframe and
rotor wake structures, now controlladd avoiding large scale separation, maintains the propeller
efficiency of the baseling.72' ) even though ihad higher dragand consequent/ya larger

shed wakendvelocity deficit. Maintenance of high propeller efficiency with less velocity

deficit than the baseline dsiven by more favorable loading (CTag shown irFigure10.

Because the highaerodynamic efficiencgtate(0.59 L/D)of the airframe is at a lower lift than
the baselingthe main rotoneeds to lift more (+38 Ib). The slightly lower rad{@9.13 ft)and
higher solidity(0.088" w) drive a higher blade loadif@ ® n y ow ) that is less favorable for
rotor efficiency {0.72 L/De) Though in part driven by word#ade loading, higher soliditg
alsoknown to cause a net knockdownpre-stall rotor aerodynamic efficiencyJltimately, hese
variouspieceswork in concert tacausemain rotorpower requiredo goup (+32 SHP. This
penaltyis, howeverpovercome at the system lewst areduction in main rotor drag106.1 Ib)
This reduction is not unreasonali@/enthe combined effects of radius, solidity, rotational
velocity, and historical CD trending with MR loadiagthis pitchattitude (0°) and for this
change irblade loadingvith respect to the baselite0.01CT/" w). When working intandem
with the previously discussetrframe drag reductian thisrotor drag reductiobringsa
disproportionately largpropeller system power required reduct{e200.6 SHP}hatresults in
netsystemmprovementscruisefor Case 225 iat-7.4% ¢169 SHP) total power requirechen
comparedo the baselineThese findings support the previously articulated hypothesis that full
aircraft optimization lead to tradeoffs at the subsystem level that can improve system
performance inncremental, yet significantyays that isolated performance analyses cannot
because of their isolated natir® room for subsystem to subsystem tradeoffs)

Table4. Rotor Drag Reduction Waterfall

Design Change Design Parameter Fallout Performance |
OMG(rad/s) R (ft) S CDIs CD Force Denom. | Drag (Ibf)
Baseline ROBIN 22.3845 32.94 | 0.0781 0.0017 0.00013 4405868 584.8
+Radius 22.3845 29.13 0.0781 0.0017 0.00013 2694237 357.6
+Solidity 22.3845 29.13 0.088 0.0017 0.00015 2694237 402.9
+Omega 25.3042 29.13 | 0.088 0.0017 | 0.00015 | 3442914 514.9
+Loading (Case 225) 25.3042 29.13 | 0.088 0.0016 | 0.00014 | 3442914 478.7

Synthesis of Machine Learning Driven Design Convergence

The aerodynamic intricacies of boundary layer health, induction drag magnification, and wake
ingestion represent a design space that is simply too highly dimensional alieady coupled
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with traditional gradient based optimization methods or isolated empirical sizing tools to
navigate successfully. Standard single variable optimizations invariably fall into localized sub
optima, trapped by the competing physics of the system. For exarieéjtional optimizer

might attempt to increase rotor L/De, and end up in a higher rotor efficiency state but cause
performance degradation at the propeller that has a larger benefit offsetting penalty that reduces
vehicle efficiency because of rotoradyand propeller loading implications (as seen above).

Surrogate Model Validation and Physical Sensitivities

The employment of the Quadratic Support Vector Machine surrogate provided the necessary
mathematical architecture to map this mdithensional environment accurately. The SVM
architecture was specifically selected based on rigorous Root Mean Squai& Er&d)

validation against the 180 higfuelity CFD cases, as summarizedHigurel12Figurel3. SV MO s
inherently excel at capturing complex, Aomear transitions. In advanced aerodynamic design,
performance transitions are rarely linear; the sudden onset of propeller or main rotor blade stall
creates sharp performance cliffs. Polynomial respsngaces often smear these ridges, leading
the optimizer toward falsely promising geometric configurations.

The Quadratic SVM effectively learned these subtle interaction parameters, mapping the exact
mathematical relationship between the forebody super elliptical exponent, the resulting boundary
layer momentum thickness, and the allowable boattail angle bethretion driven separation
occurs.Figure13 (Predicted vs True Response). Validates the statistical foundation of the model,
proving that the surrogate accurately predicted the total power required, particularly in the highly
sought after low power regions of the design space where dimensiooi@nef§iis maximized.

It is worth noting thafrom a vehicle perspectivdimensional efficiency ithe key parameter of

value, as opposed to aerodynamic efficiency. Tlageand ofterare,different. A good

example is rotor Figure of Merit, an aerodynamic efficiency metridshatimately tied to disk

loading and sometimes miscategorized as a high level aircraft design space efficiency metric.

Escaping the Local Optima: The Path to Case 225

The automated optimization framework evaluated ~0.9 billion potential geometric permutations.
Within this vast parameter space, an intermediate configuration, designated Case 50, emerged
initially as a AHiIi gh Per f or meduction cotiparddéeothEa s e 5
Baseline ROBIN geometry, it ultimately represented a local optiinardesign that successfully

reduced basic form drag through streamlining and ballpark rotor and propeller loading, but failed

to fully exploit the synergistic ietactional benefit of wake ingestion and forebody flow

conditioning, propeller and main rotor sizing, etc.

It was only by traversing the full mathematical complexity of the converged design space that the

ML optimizer identified Case 225. Case 225 represents a geometry that is very close to the true
global aerodynamic optimum for this specific rotorcraft aegttiire, operating envelope, and the

design ground rules that were discussed in previous sections. While it is expected more iteration

in the AtraininfftdatApergdigenieonat wottytlesould r ogat
yield small improvemes, for our exploratory purposehis design is at the pareto front that

drives down main rotor SHP and propeller SHRimately, Case 225 embodies the perfect
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aerodynamic compromise: it deliberately accepts a minor penalty in theoretical bare airframe
form drag by adopting the bluff cockpit geometry, purely to secure large downstream systemic
benefits of flow separation avoidance and enhanced propulsive effidiemough targeted

velocity deficit. It accepts lower main rotor L/De to lower main rotor drag enough to unload the
propeller and reap aircraft performance benefits. The list of tradeoffs that occur at the system
level is large, and this level of nuanceetodynamic integration and optimization is

unachievable without the combination of CFD to correctly resolve the physics and advanced
machine learning to navigate the high dimensional design space.

Concluding Remarks on Interactional Aerodynamics

The pursuit of complex aircraft configuration efficiency demands an uncompromising view of
the vehicle as a single, fully coupled fluid dynamic system. The integration of mid fidelity
RANS simulation with a robust Quadratic Vector Support Machine surrggatiel

successfully demonstrates that immense performance gains are accessible when component
crosstalk is prioritized early in the conceptual design phase.

The comprehensive analysis of the ML optimized Case 225 reveals several foundational
aerodynamic principles for pusher propeller compound aircraft: First, boundary layer
conditioning is paramount. A bluff cockpit design is aerodynamically superior tdky hig
streamlined nose when it serves to aggressively accelerate the flow, thereby infusing the
boundary layer with the critical streamwise momentum required to survibedjtdeceleration
without separating.

Second, propeller induction magnifies aerodynamic penalties. The pusher propeller acts as an
active induction sink. Aft fuselage geometries must therefore employ low boattail angles,
working in tandem with the energized boundary layer, to absolutely pgridoerseparation.

Any separation in this region results in catastrophic pressure drag magnification due to the
accelerated local dynamic pressure with respect to the projestealternative. Aft fuselage
geometries must therefore employ low boattagjlas, working in tandem with the energized
boundary layer to absolutely prevent flow separation. Any separation in this region, but
particularly closer to the propeller, results in pressure drag magnification due to the accelerated
local dynamic pressurelhird, managed velocity deficit and rotor / propeller loading drives

efficiency. While gross separation must be av
thickened boundary layéra targeted velocity deficit directly enhances propeller efiesicy by
mini mzing kinetic energy |l ost in the propuls

Finally, rotor constraints strictly dictate feasibility. Main rotor and propeller architecture must
rigorously balance thrust weighted solidity, optimal blade loading and propeller thrust
coefficient, and conscientious Mach limiting to translate airfraemedynamic gains into actual
realizable shaft horsepower reductions. Another key principle is how harnessing the impacts of
individual rotor efficiency components (wind frame drag, shaft frame torque, and shaft frame
thrust) can be more effective than omizing overall rotor cruise efficiency (L/De) at the system
level, in this case, because of propeller loading implications.
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By successfully synthesizing the complex physical realities, the optimization workflow achieved
a definitive 7.4% reduction in required power, lowering the demand from 2,282 SHP to 2,113
SHP for a 24,000 Ibf aircraft in 180 knot edgewise cruise flight Wethodology definitively
transitions rotorcraft engineering from iterative to single component refinement to true, system

level design space convergence,
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Figure 15. Mesh Setup for Robin (Baseline), Case 50 , and Case 225
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Figure 16. CP Contours for Robin (Baseline), Case 50, and Case 225
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Figure 24. Optimized Airframe with Main Rotor Blades and Propeller Blades
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Practical Industry Application

The integration of mid fidelity Computational Fluid Dynamics (CFD) paired with Machine
Learning(ML)surrogate modeling provides a transformative approach for the rotorcraft industry,
particularly as vehicle designs push towards cruise speeds of 180kts and beyond. Traditionally,
the industry standard relies on isolated component optimizations tlsattamequently integrated
piecemeal, an approach that frequently leads to unforeseen aerodynamic penalties or missed
incremental yet significant efficiency opportunities that become apparently late in the
development cycle. By deploying this automated, NMieh workflow during the early

conceptual design phase, engineers can effectively bypass the prohibitive computational
bottlenecks of traditional high fidelity multidisciplinary design optimization. The framework
allows for the precise, early predictiohfaghly complex and neimtuitive interactional
aerodynamic$ such as wake ingestion, boundary layer health, propeller induction, and
rotor/propeller loading ensuring that the aircraft performs as a fully cohesive, optimized system
from the start rattrehan relying on costly later refinements. Ultimately, this methodology

allows the industry to capture critical systems level efficiencies that traditional decoupled sizing
tools or historical trend biases systemically overlook.

Future Work Suggestions

While current methodology successfully identifies global optima within a simplified design

space, subsequent research should focus on increasing both the fidelity of the surrogate model
and the geometric complexity of the simulated airframe. First, feffoets should execute at

least one or two additional iterations of training data generation, model training, and prediction.
By adopting an iterative or active learning sampling approach, the design space surrounding the
newly identified global optimum (£h as Case 225) can be seeded with a denser, highly

|l ocali zed Design of experiments. This woul d
resolution of subtle aerodynamic ridges, potentially uncovering deeper micro optimizations.
Second, future computahal models must incorporate actual rotor hubs into the geometric
parametrization. Hubs are notoriously complex, drag heavy components that introduce severe
flow interactions and interference drag, frequently acting as a major aerodynamic curveball in
rotorcraft design. Because hub structures and their localized rotational effects significantly alter
downstream wake and pressure recovery environment, incorporating these realistic elements will
ensure the surrogate model accuracy accounts for their mpasagste drag contributions and

their subsequent impact on aft body aerodynamics.

To transition this framework from a simplified study into a more robust exploratory analysis,
future work must move beyond steaghate approximations toward hidldelity, time-resolved
aerodynamics. A critical next step involves replacing taweraged Ytual Blade Models

(VBM) with geometrically resolved rotor blades, utilizing sliding mesh kinematics coupled with
unsteady RANS (URANS) or Detached Eddy Simulations (DES). This approach would capture
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highly transient phenomena currently bypassed, such as discreterbitadeinteractions, true

wake impingement on the pusher propeller and empennage, and unsteady flow separation over
the complex aft bodyAdditionally, future work should evaluate performance at varying angles

of attack to better reflect realistic flight envelopes beyond 0° p&th.minimum, these

simulations are required to validate the performance gains of the Case 225 geApmying

this highfidelity approach to the entire stydemains cosprohibitive due to computing

constraintsn 2026
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AppexndiPressure Coefficient

Figure 25. Pressure Coefficient Contours, Cases 1 to 3
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Figure 26. Pressure Coefficient Contours, Cades 7

48




Figure 27. Pressure Coefficient Contours, Casds 11
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Figure 28. Pressure Coefficient Contours, Cas@sd 15
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Figure 29. Pressure Coefficient Contours, Casésd 19
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Figure 30. Pressure Coefficient Contours, Cag€go 23
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Figure 31. Pressure Coefficient Contours, Cagdso 27
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Figure 32. Pressure Coefficient Contours, Cag8go 31
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Figure 33. Pressure Coefficient Contours, Cas8&to 35
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Figure 34. Pressure Coefficient Contours, CaS€go 39
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Figure 35. Pressure Coefficient Contours, Cadé€so 43
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Figure 36. Pressure Coefficient Contours, Caddso 47
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Figure 37. Pressure Coefficient Contours, Cad&so 51
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Figure 38. Pressure Coefficient Contours, Cas&so 55
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Figure 39. Pressure Coefficient Contours, Caségo 59
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Figure 40. Pressure Coefficient Contours, Ca§€go 63
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Figure41l. Pressure Coefficient Contours, Ca$dso 67
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Figure42. Pressure Coefficient Contours, Ca§&do 71
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Figure43.. Pressure Coefficient Contours, Cases 72 to 75
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Figure 44. Pressure Coefficient Contours, Ca3égo 79
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Figure 45. Pressure Coefficient Contours, Ca8€go 83
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Figure 46. Pressure Coefficient Contours, Ca8dso 87
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Figure47. Pressure Coefficient Contours, Cag8s0 91
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Figure 48. Pressure Coefficient Contours, Ca8&s0 95
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Figure 49. Pressure Coefficient Contours, Ca$ég0 99
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