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This thesis introduces a workflow that enables airframe aerodynamic design to be integrated 

early into the rotorcraft design process by leveraging mid-fidelity Computational Fluid 

Dynamics (CFD) and Machine Learning (ML). Traditional rotorcraft conceptual design often 

relies on isolated airframe analyses that ignore important aerodynamic interactions between the 

main rotor (MR), propeller (PROP), and airframe. It is not until later in the design process that 

these nuanced interactions are studied more closely, often resulting in aircraft aerodynamic 

performance trending that can deviate from initial conceptual design expectations and/or missed 

opportunities to capture incremental, yet significant, system-level efficiencies. To address this, a 

robust parametrized geometry generation tool based on ROBIN elliptical expressions was 

developed. This tool was then exercised using an 180-case Design of Experiments (DOE). The 

geometry outputs were then integrated into STAR-CCM+ steady state Reynolds Averaged 

Navier Stokes (RANS) simulations. Ambient conditions were flight at 180kts Sea Level 

Standard, 0° pitch att, and 22k lbf gross weight. Virtual disks were used for the MR and PROP.  



  

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 model enabled rapid 

evaluation of approximately 906 million airframe geometry perturbations. The optimization 

process successfully reduced the required shaft horsepower (SHP) from a ROBIN baseline of 

2,282 SHP to 2,113 SHP ï a 7.4% improvement. Analysis of the optimized and baseline 

geometries shows that efficiency is maximized through a bluff cockpit design that ensures the 

boundary layer (BL) has high streamwise (inertial x-direction) momentum when it reaches the 

tailcone. This flow conditioning allows the boundary layer to overcome the adverse pressure 

gradient encountered at the aft fuselage, without triggering flow separation and associated 

pressure drag. The tailcone design that works synergistically with this bluff cockpit has a low 

boattail angle, minimizing the magnitude of adverse pressure gradients at the aft fuselage. From 

an interactional aerodynamics perspective, avoidance of pressure drag for this pusher propeller 

aircraft configuration is key. Since pressure drag is proportional to dynamic pressure, any 

separation yields especially large drag impacts as the propeller induction effect speeds up the 

flow in that region. Conversely, while aft flow separation is highly penalized, some shedding of 

low dynamic pressure structures is favorable as velocity deficits in the propeller plane translate 

to higher propeller efficiency (Eta). Main rotor and propeller sizing results highlight the 

importance of selecting radius,  solidity,  and rotational velocity, and loading such that the disks 

operate at the condition for best system efficiency, which doesnôt necessarily translate to best 

main rotor and/or propeller efficiency. Ultimately, this study shows that DOE facilitates large 

initial performance gains, and coupling it with machine learning allows designs to approach the 

aerodynamic optimum within the modeled physicsï the so called ñconverged design spaceò. 
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Preface 

While this research was conducted over a specific 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 University of Maryland. 

 

That road began at the Polytechnic University of Puerto Rico. I 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, teaching me that engineering 

intuition isnôt an overnight achievement, but the result of years spent observing and analyzing 

the practical realities of rotor-borne flight. 

 

The study presented here ï using machine learning to refine airframe design ï is an interesting 

look at where the field is headed: a full-aircraft CFD-based optimization that moves away from 

the isolated component optimizations that are then added onto an aircraft in a piecemeal fashion. 

But this study is not the ñend-all, be-allò. Artificial intelligence and machine learning move at 

breakneck pace; this is an exploratory, simplified proof of concept is intended to be a bridge 

towards more complex, less simplified studies in the future. I am grateful for the persistence that 

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

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

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 geometry remain the foundation, 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 way -  a process that is well understood through a 

combination of isolated optimization and full aircraft runs to refine the design. 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 performs as a 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, 

accounting for the subtle interactional effects that can otherwise be overlooked when focusing 

solely on isolated components. 

 

The work 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 identify and use these 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 that is next-gen flight. 
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Chapter 1: Introduction 

 

 

Motivation 

The choice of Machine Learning (ML) in this research is necessitated by the high dimensional 

nature of the rotorcraft design space. In an integrated airframe-propeller-main rotor system, 

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

and cross-section profile. A change in forebody curvature changes boundary layer development 

and stability. These upstream flow conditions then dictate the presence or absence of shed 

structures and flow separation on the aft body. These structures can then be ingested by the 

propeller. This ingestion changes the velocity deficit seen at the propeller plane, which in turn 

change the propulsive efficiency of the propeller. Critically, the propellerôs induction field acts 

as an active flow control mechanism, influencing the final pressure recovery and the presence or 

absence of significant base drag on the tailcone. 

 

Because these variables are non-linearly coupled, traditional single variable optimizations 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 

  

¶ Navigate High-Order Interactions: Explore the vast number of design permutations 

that computational resources prohibit from being evaluated through exhaustive CFD. 

 

¶ Identify Governing Trends: Demonstrate that 180 strategic CFD samples (via DOE) 

can capture the underlying physical sensitivities of the system as an unreasonably 

large dataset of RANS simulations when exercised through a ML model. 

 

¶ Matching Tool Compatibility to Design Complexity: Prove that while local 

optimization can yield performance improvements; maximizing 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, single variable optimization 

or lower fidelity empirically based codes. These approaches suffer from several shortcomings in 

the context of a high-performance compound rotorcraft. 

  

¶ Failure to Capture Component Crosstalk: Conventional methods typically optimize the 

airframe for minimum drag and the propeller for isolated efficiency. This ignores the high 
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order aerodynamic coupling where the airframeôs wake dictates the propellerôs operating 

environment, and the propellerôs induction field simultaneously reshapes the airframeôs 

pressure distribution. Without accounting for this crosstalk, a gain in one subsystem can 

inadvertently trigger a larger loss in another.  

 

¶ Convergence to Local Optima: Because the interactions between the main rotor, airframe, 

and propeller are non-linearly coupled, traditional gradient based methods converge to 

local optima. These methods lack the global perspective required to navigate a complex 

design space, potentially missing the configuration where the combined system achieves 

true minimum power required. 

 

¶ Computational Bottlenecks: Even mid-fidelity 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 space, often 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: 

 

¶ Parametrize the Implicit Aerodynamic Governance: Define a robust design space using 

the ROBIN 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. 

 

¶ 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 mid-fidelity RANS simulations. 

 

¶ 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 

capable of capturing the non-linear crosstalk between geometry and total vehicle power 

required. 

 

¶ Quantify Integrated Performance Gains: Utilize the trained SVM to identify a global 

optimum that navigates complex, competing physical phenomena, including:  

 

o The Wake Ingestion / Induction Balance: Managing the benefit of velocity deficit 

ingestion by the propeller against the penalty of propeller induction driven 

pressure drag on aft-facing surfaces. 
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o The Volume / Disk Loading Constraint: Reconciling the airframeôs aerodynamic 

shaping requirements with its resulting impact on the main rotor and propeller 

sizing. 

 

o Upstream / Downstream Coupling: Balancing forebody curvature to ensure a 

boundary layer with sufficient streamwise momentum to withstand aggressive 

pressure recovery requirements imposed by the tailcone. 

 

o System-Level 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. 
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Chapter 2: Literature Review 
 

 

Rotorcraft Conceptual Design and MDO 

Traditional Empirical Sizing and Historical Trend Bias 

Foundational  rotorcraft sizing tools ï most notably NDARC (NASA Design and Analysis of 

Rotorcraft) (Acree et al. 2008) and VASCOMP (Schoen et al, 1968) ï rely heavily on historical 

trends and regression based empirical formulas to estimate component performance. 

 

¶ 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). 

 

¶ The Non-Traditional Configuration Gap: These shortcuts lose validity when applied 

to non-traditional configurations, like a compound helicopter. The historical database 

is sparce for novel configurations, when compared to that which exists for 

conventional single main rotor with tail rotor configurations (SMR). For that reason, 

the empirical expressions with baked-in interactional crosstalk that we have 

developed for sizing and performance of SMR cannot be created for novel 

configurations. Designers must therefore transition from trend-based 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. 

 

¶ Integrated Frameworks: Tools such as the U.S. Armyôs Rotorcraft Comprehensive 
Analysis System (RCAS) and the Department of Defenseôs CREATE-AV Helios 

environment (Wissink et al., 2015) allow for coupled CFD/CSD (Computational 

Fluid Dynamics / Computational Structural Dynamics) simulations. These represent 

the state of the art in capturing interactional aerodynamics for complex configurations 

like the SB1 DEFIANT or the V-280 VALOR. 

 

¶ 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). 

 

¶ The Role of the Surrogate: This creates a critical requirement for CFD-informed 

surrogate models which can learn the high fidelity sensitivities for a limited sample 

set (e.g. 180 runs) and then provide near-instantaneous performance predictions 

across the global design space. 

 

International Aerodynamics (The 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 like the NASA D8 ñDouble Bubbleò (Hall et al., 2017). In the context of the 

ROBIN geometry, ingesting the velocity deficit allows the pusher propeller to recover 

momentum that would otherwise be lost to the airframeôs viscous wake. A first principles 

approach quickly proves that this means less drag and an increase in system efficiency at a fixed 

operating condition - a reduction in total power required (Smith, 1993). 

Induction Driven Pressure Drag Magnification 

A critical penalty of pusher-propeller integration is the propellerôs induction field. As 

demonstrated by Betzina (2001) and Freeman & Mineck (1986) in the ROBIN (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 pressure drag.  

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 maximum allowable main 

rotor diameter. 

 

Machine Learning in Aeronautical 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 with the non-linearity of 

interactional aerodynamics when sample sizes are constrained (Queipo et al., 2005). 
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Support Vector Machines (SVM) for High-Dimensional Design 

Among various ML architectures, the Support Vector Machine (SVM) has proven robust for 

capturing complex, non-linear relationships in high dimensional space with sparse datasets 

(Vapnik, 1995). 

 

¶ 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 generalization and are less prone to the noise found in high fidelity CFD data 

compared to traditional polynomial response surfaces. 

 

¶ Superiority in Sparce Aero Data: Luo et al. (2015) specifically applied SVMôs to 
aerodynamic shape optimization, proving that for datasets where the number of samples 

is relatively low (O(100)) compared to the dimensions (O(10-20)), the Radial Basis 

Function (RBF) kernel provides a more stable fit than Neural Networks, which typically 

require thousands of samples to converge. 

 

¶ Capture of Non Linear Transitions: Duvigneau and Visonneau (2004) showed that SVMs 

are exceptionally capable at identifying ridges in the design space ï such as the sudden 

onset of flow separation or the drag rise sometimes caused by propeller induction ï which 

are often smoothed over or missed by simpler regression techniques. 

 

 

  
Figure 1. NASA D8 Double Bubble Wind Tunnel Test Model 
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Chapter 3: Methodology 

 

Geometry Definition and Mathematical 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 rotor-fuselage interference (Freeman & Mineck, 1986), this 

research utilizes a modified analytical version to enable high-fidelity automated design and 

surrogate training. 

Super Elliptical Analytical Expressions 

To transform the ROBIN shape into a morphable design space, the fuselage surface is defined by 

mapping cross sections along the longitudinal x-axis. The general form for any cross section is: 

 

ώ

ὦὼ

ᾀ

Ὤὼ
ρ 

Where: 

 

¶ ὦὼ and Ὤὼ: the half width and half height as functions of radial position. 

¶ ὲὼ: the super ellipse exponent, which determines the squareness of the section 

 

Surface Continuity and Solver Stability 

A critical modification for this study was enforcing ὅ  continuity (curvature continuity) across 

the fuselage skin: 

 

¶ Numerical noise mitigation: Standard ὅ  (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. 

 

¶ 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 numerical 

noise. 

 

Junction Aerodynamics and Intersection Logic 

While the fuselage and pylon surfaces are individually defined as ὅ  continuity, the MRP-

fuselage juncture is modeled as a distinct ὅ  discontinuity (a sharp corner of approximately 90°): 
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¶ Interference Modeling: This approach allows the simulation to capture the complex  

horseshoe vortices and interference drag associated with unfilleted junctures. 

 

¶ 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. rather than 

local blending. 

 

Design Variable Parametrization 

The design space is defined by 16 independent variables governing the airframe, pylon, main 

rotor, and propulsor framework. 

 
Table 1. Modified ROBIN Design Variable Definitions and Bounds 

CATEGORY  DESIGN 

VARIABLE  

BOUNDS [MIN, 

MAX]  

PHYSICAL SIGNIFICANCE  

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 curvature 

 Cockpit Z Start [0.06, 0.10] Nose vertical offset 

PYLON MRP Start [0.30, 0.45] Leading edge of MRP 

 MRP Aft 

Transition 

[0.65, 0.90] Pylon Shoulder Location 

 MRP End [1.00, 1.20] Trailing Edge of MRP 

 MRP Backface 

Slope 

[10%, 100%] Crosstalk knob: pressure drag 

risk 

 MRP Camber Line 

Adj. 

[60%, 140%] Adjusts vertical spine curvature 

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 vertical offset; 

boattail angle 

 Spinner Slope [0.40, 2.00] Pressure drag risk 

 Spinner Root 

Radius 

[0.04, 0.06] Propeller hub blockage 
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Rules Based Vehicle Design 

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 lbf Gross Weight (GW) was reasonable for the 

resulting disk areas. 

Main Rotor (MR) Integration 

¶ Placement and sizing: Longitudinally, the origin was placed at midpoint of MRP Start / 

Transition; radius extends to Spinner Start. This means main rotor radius is as large as 

possible given fallout clearance requirements to the propeller. 

 

¶ Architecture: 4 blades with a thick inboard section for lift, and a thin outboard section for 

high Mach performance. 

 

¶  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 

¶ Placement and Sizing: Origin at 1/3 of spinner length; radius set to be as large as possible 

given fallout clearance requirements to the ground plain and/or main rotor plane. 

 

¶ Architecture: 6 bladed system, 66 series NACA airfoils 

 

¶ Solidity: Thrust weighted solidity („ ) ranges between 0.24 and 0.39, since chord was 

not scaled with radius on a design per design case. 

 

Imposed Constraints & Checks 

1. Compressibility: Rotational speeds were capped to ensure that the Helical Tip Mach 

Number (PROP) and Advancing Tip Mach Number (MR) set to 0.90. 

 

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 16-dimensional design space of the integrated aircraft, a D-Optimal design 

strategy was employed. This approach was selected over exhaustive sampling to maintain 
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computational feasibility while ensuring the dataset remained robust enough to train high-fidelity 

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 space-filling distribution. While the LHS provided a cloud of potential configurationsð

ensuring each variable was sampled across 10 discrete levelsðthe D-Optimal algorithm acted as 

a mathematical filter. By selecting 180 specific configurations that maximized the determinant of 

the information matrix, the strategy ensured the samples 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 uncertainty and minimized 

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 Application: Model Oriented Filtering 

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. Given that interactional 

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: 

 

¶ Geometric Span Validation: Ensuring sufficient coverage to account for linear, 

interaction, and squared physical sensitivities. 

 

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

is non-singular. This guarantees the dataset is mathematically robust enough to support 

the surrogate models used in the subsequent machine learning optimization phase. 

 

LHS Input Parameters and Execution Logic 

The resulting dataset was designed to capture the physics of crosstalk between the airframe, main 

rotor, and propeller using the following input parameters: 

 

¶ Factors: 16 independent geometric variables (defined in Table 1). 
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¶ Levels: 10 discreet levels per factor. 

 

¶ Sample Size: 180 unique configurations / cases. 

 

¶ Execution Logic:  

 

o Tries: 3 (attempts per case to achieve a stable solution). 

 

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

 

Computational Framework and Solver Strategy 

The evaluation of the 180 designs was conducted using STAR-CCM+, managed by a custom 

Java-based macro. This framework automated the transition from the 16-variable 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 wind tunnel to simulate unconfined forward 

flight. 

 

¶ Velocity Inlet: A uniform freestream was across the inlet plane \ to establish the target 

cruise flight speed. 

 

¶ 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 in free flight. 

 

¶ 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. 

 

¶ Fixed pitch attitude: Simulations were constrained to a fixed pitch attitude and main rotor 

shaft tilt of 0°. While less than ideal for understanding the entire aircraft design space, it 

does allow constraint of the sensitivity between the airframe and propulsion system 

without confounding angle of attack driven sensitivities. 

 

Physics and Virtual Blade Modeling (VBM) 

The solver employed a steady state, segregated flow approach with the ‖ ‭ turbulence 

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 time-averaged 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 22,000lb aircraft, controls were adjusted to satisfy the following 

requirements: 

 

1. Vertical Trim (Lift): The main rotor collective was solved to satisfy: 

 

ὒ ςςȟπππὰὦὪὒ Ὂὢ  

 

2. Longitudinal Trim (Drag): The propeller thrust was adjusted to overcome total 

vehicle drag by accounting for airframe drag and main rotor in plane x-force: 
 

Ὕ Ὀ Ὂὢ   

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 being 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 of the rotor downwash over the 

airframe and propeller.  

 

¶ 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 and shear stress 

gradients. 

 

¶ 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. 

 

¶ 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 where the propeller induction reshapes the tailcone flow was captured with high 

resolution. 
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¶ Stopping Criteria: Each configuration was solved for 1,000 iterations. Monitoring the 

force and moment coefficients confirmed that this duration allowed the integrated 

aerodynamic loads to reach a stable converged state. 

 

¶ 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 

approach described in previous sections, these cases were mathematically non-singular, 

and covered an adequate geometric span to capture second order effects. 

Surrogate Model Development 

The model development phase served as the bridge between mid-fidelity CFD simulations and 

the machine learning environment for surrogate modeling. The raw data from the 180 RANS 

simulations ï specifically the modified ROBIN design variables and the resulting total vehicle 

Shaft Horsepower (SHP) ï 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 were used as predictors, relying on the 

appôs internal handling of the 180-case dataset to establish the relationship between airframe 

geometry and system level power requirements. 

Regression Selection 

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

a wide variety of regression architectures were tested using the ñAllò models feature in the 

Regression Learner App. The candidate pool included eight primary regression categories 

including: Linear Regression, Regression Trees, Support Vector Machines, Gaussian Process 

Regression (GPR), Ensemble of Trees, and Neural Networks. Each category included several 

subtypes ï such as Linear, Quadratic, and Cubic Kernels for SVMs ï resulting in a 

comprehensive study of dozens of candidate models: 

 

- Linear Regression Models (Linear, 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, Bi-layered) 

- Kernel models (SVM, Least Squares) 

- Linear Spline Models 

 

As summarized in Figure 12. Summary of Machine Learning RMSE Results, the Quadratic 

Support Vector Machine (specifically Model 2.9) emerged as the superior architecture. While 

simpler models like Linear Regression failed to capture the nonlinear crosstalk 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 to the 0.9 billion-case design space 

evaluation. RMSE was chosen as the primary validation metric because it effectively penalizes 

larger residuals.  

 

The Figure 13. Predicted vs True Response for Quadratic SVM (Model 2.9) demonstrates 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 interest. This validation 

provided the statistical foundation necessary to trust the SVMôs predictions for the subsequent 

large scale optimization phase, where it reduced the total Shaft Horsepower (SHP) by 7.4% 

compared to the ROBIN baseline. 

 

 

Figure 2. Sample Geometric Perturbation of the MRP 
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Figure 3. Geometry Generation and DOE GUI 

 
Figure 4. GUI Input and Output for DOE Functionality 
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Figure 5. STAR-CCM+ Wind Tunnel Setup 

 
Figure 6. STAR-CCM+ Wind Tunnel Mesh Cross Section 

 
Figure 7. Generic VBM Main Rotor Blade 2D Attributes 
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Figure 8. DOE Study Meshed Cross-Sections, Level Pitch Attitude 
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Figure 9. Machine Learning Study Meshed Cross Sections, Level Pitch Attitude 
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Chapter 4:  Results and Discussion 
 

The integration of mid-fidelity computational fluid dynamics (CFD) with advanced machine 

learning (ML) surrogate models represent a fundamental shift in rotorcraft design paradigms, 

moving away from isolated component optimization toward a holistic, system-level 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 pusher propeller dictate 

total vehicle efficiency. Through the systematic evaluation of the 180-case Design of 

Experiments (DOE) and the subsequent optimization conducted via Quadratic Support Vector 

Machine (SVM), this analysis clarifies the physical mechanisms that enable a 7.4% 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 are non-linearly coupled. Traditional 

methods often fail to capture the crosstalk between components, leading to 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 system-level efficiencies. 

 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 samples. This specific 

architecture was selected due to its superior ability to handle the sparce yet high dimensional 

data characteristic of interactional aerodynamics, where sudden transitions in flow state ï such as 

the onset of boundary layer separation ï create discontinuities 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 a D-Optimal 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 determinant. This 

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 pressure recovery at the tailcone.  

 

As indicated in Table 2, the optimization process successfully reduced the required SHP from 

2,282.1 to 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 lbf to 838 lbf)and a 

corresponding refinement of the propulsorôs operating environment, which boosted propeller 

efficiency to 0.845. 
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Table 2. 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  2,282.1 

CASE 50 2,135.3 

CASE 225 (OPTIMIZED)  2,113.1 

 Global Optima vs Global Sub Optima 

The summary of aircraft performance results in Figure 10 and the total power required 

comparison in Figure 11 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 learning modelôs ability to identify the precise synergy in case 225 ï 

balancing airframe form drag against wake ingestion benefits ï that pushed the design into the 

converged design space. The RMSE results summarized in Figure 12 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 acknowledges that the airframeôs primary 

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 section, the Pressure Coefficient (Cp) is 

dimensionless and defined as Cp = (p - pÐ) / (0.5 * ɟÐ * vÐĮ). In the latter, p represents the local 

static pressure, while pÐ is the freestream reference pressure, set to 0 Pa to align with the solver's 

gauge pressure at sea level. The denominator represents the dynamic pressure, calculated using a 

standard sea-level air density (ɟÐ) of 1.225 kg/mį and a freestream velocity (vÐ) of 92.6 m/s 

(180 kts). This equation normalizes the pressure differences across the model, allowing the 

aerodynamicist to compare results across different speeds and scales by relating local pressure 

changes directly to the kinetic energy of the incoming flow. 

Forebody Pressure Management and the Bluff Cockpit Paradigm 

Intuitive aerodynamic design often favors highly streamlined, slender forebodies. A benefit of 

this approach is the delay of the boundary layer transition from laminar to turbulent flow with 

respect to a bluff design.  This can yield aerodynamic benefits by minimizing localized skin 

friction drag. However, the machine learning optimization revealed a counter-intuitive geometric 

imperative for this specific rotorcraft architecture: efficiency in a pusher propeller configuration 

is maximized through a ñbluff cockpit designò. 
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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 aggressive acceleration from the central stagnation 

point around the curvature of the nose. According to Bernoulliôs principle for incompressible 

flow, this extreme local spatial acceleration establishes a profound suction peak, characterized by 

a highly negative pressure 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 particles within the 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 in this integrated system is not merely to minimize its own 

localized parasite drag, but to actively manage and condition the boundary layerôs development 

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 (inertial x-

direction) momentum. This upstream flow conditioning is the foundational 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 Figure 19 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 Health: Momentum 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 this boundary layer are mathematically 

governed by its momentum thickness ɗ and the local wall shear stress† . The local wall shear 

stress serves as the primary diagnostic indicator of flow attachment.  

 

In sub-optimal designs with highly streamlined cockpits, not much kinetic energy is imparted to 

the innermost layers of the flow. This maintains a thin, low-drag boundary layer that 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 MRP and tailcone. This flow condition causes an 

increase in static pressure that forces the fluid to decelerate. Once the kinetic energy of the 

innermost flow is entirely depleted by the combined opposing forces of viscous friction and the 

adverse pressure gradient († π, 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 high-velocity fluid from the 

freestream into the lower regions of the boundary layer. 

 

2. Cross-Stream Momentum Transfer: While laminar flow is characterized by parallel 

streamlines with minimal inter-layer diffusion, the bluff-induced turbulence facilitates 

turbulent transport. Through the action of Reynolds stresses, high streamwise momentum 

is transferred via mass exchange from the high-energy outer flow to the inner law-of-the-

wall region. 

 

3. Boundary Layer Re-energization: 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 and a greater concentration of kinetic energy near the surface. 

 

4. Separation Delay: This pre-loaded 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 point and 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 convects downstream causing a particularly 

evident case of the previously mentioned vortex induced mixing. Visualizations of wall shear 

stress, pressure coefficient, and dynamic pressure ratio and shown in Figure 17 through Figure 

20, while visualizations of vorticity magnitude are shown in Figure 22 through Figure 23. 

 

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 drastic reduction 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. Through detailed tracking of the non-dimensional pressure 

coefficient vs longitudinal station in Figure 19, it is further demonstrated that there is no strong 

suction and the associated low pressure coefficients, hence Case 225 sustains attached flow. 

Interactional Physics and 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 crosstalk between the airframeôs pressure recovery requirements, the development 

of the viscous wake, and the highly active induction field generated by the pusher propeller. 
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Tailcone Adverse Pressure Gradients and 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 inherently creates an adverse pressure gradient. 

The severity and spatial concentration of this gradient are geometrically governed by the boattail 

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 configuration (Case 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 gradient would inevitably strip the fluid of itôs remaining kinetic energy, 

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. Visualizations at the aft body in Figure 16 through 

Figure 19 show this. Remember when observing these that to relate pressure coefficient (ὅ)to 

acceleration and deceleration: 

 

¶ ╒╟<0 (Negative Pressure Coefficient - 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 

negative ὅ. The more negative the ὅ (a larger "peak" on the plot), the higher the local 

velocity and acceleration. 

 

¶ ╒╟  (Positive Pressure Coefficient - Deceleration): Conversely, as the flow moves 

towards the trailing edge or hits the leading-edge stagnation point, the air slows down, 

resulting in higher pressure. A positive ὅ indicates that local pressure is higher than the 

free stream, meaning the flow has decelerated. 

 

¶ ╒╟ = 0 (Free Stream): A value of zero indicates that the local pressure is equal to the 

surrounding free-stream atmospheric pressure.  

 

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

 

¶ Stagnation Point: At the leading edge, the flow hits the airfoil and stops (stagnation 

point), causing pressure to reach its maximum. Here, ὅ is generally +1.0. 

 

¶ Minimum Pressure Point: The location of the most accelerated flow (highest velocity) 

on the upper surface aligns with the most negative ὅ value, often called the "suction 

peak". 
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¶ Pressure Recovery: As the air travels from the minimum pressure point toward the 

trailing edge, ὅ increases (becomes less negative or less positive). This is known as 

pressure recovery or deceleration. 

 

¶ Bernoulliôs principle rearranged to dimensionless form: The mathematical 

relationship that provides these insights in incompressible flow is ὅ ρ where: 

 

o V is the local velocity 

o ὠ  is the freestream (oncoming) velocity 

o Confirming that as V increases, ὅ 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 ML surrogate 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 extreme aft of 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 conceptualized through the power balance 

method, which assesses the kinetic energy wasted in the propellerôs jet wake. When a propeller 

operates in clean freestream air (isolated performance), it must accelerate the incoming air from 

the freestream velocity ὠ  to a much higher jet velocity ὠ 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 airframeôs shed wake, the localized inflow velocity at 

the propeller plane ὠ  is significantly slower than ὠ  due to the momentum deficit (as implied 

in the linear momentum expression ὴ ά ὺz; where ὴ is momentum, m is mass, v is velocity). 

The propeller can achieve the required momentum change (thrust per Newtonôs second law) by 

taking this slowed air and accelerating it back up to, or slightly above, the freestream velocity. 

Because the final jet velocity 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. Visualized in Figure 

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 

otherwise be permanently lost to the airframeôs viscous drag. The result is a direct quantifiable 

increase in propeller efficiency –. 

 

This dynamic represents interactional aerodynamic design: the airframe is shaped not only to 

minimize its 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 pressure drag against 

the benefits of velocity deficit ingestion. The vorticity visualizations in Figure 22 and Figure 23 

highlight specific, controlled shedding of these low velocity structures that feed directly into the 

propulsor. 

Rotor and Propeller Performance Analysis, System Integration, and Compressibility 

Blade Loading and Compressibility 

Beyond the complex management of fuselage and MRP geometry and boundary layer, the 

performance of the integrated compound rotorcraft 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), based on 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 trimmed flight 

state without enormous computational expense. 

Main Rotor and Propeller Blade Loading Optimization 

The aerodynamic efficiency of rotors is sensitive to blade loading coefficient (CT/t̀w) , a non-

dimensional parameter that relates the thrust coefficient (CT) to the thrust weighted solidity (t̀w) 

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 and its associated increase in power required, control 

loads, inability to trim, etc. Conversely, an excessively low blade loading implies an oversized, 

heavy rotor system that generates disproportionate parasite drag due to its massive wetted area 

and suboptimal local airfoil orientation along the blade driven by low lift  requirements. For 

propellers, it is customary to track the 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 

Mach using engineering judgement, to avoid adverse compressibility effects and reduce 

computational time. In the specific case of the pusher propeller, its maximum radius is strictly 

constrained vertically by the clearance requirements 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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CTp conductive to high propulsive efficiency as seen in Figure 10. More specifically, the 
propeller geometry and performance fell out as follows: 

¶ t̀w = 0.257 Case 225 vs 0.200 Baseline 

¶ CTp of 0.092 Case 225 vs 0.075 Baseline 

¶ ʹ ƻŦ лΦтнҌ Case 225 vs 0.72+ Baseline 

¶ R 3.17 ft Case 225 vs 4.01 ft Baseline  

 
For the main rotor to achieve a realistic trim state for the 22,000 lb aircraft, the vertical trim 
condition must satisfy the gross weight requirement, plus airframe lift or download, while 
simultaneously trimming the head 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: 
 

¶ t̀w = 0.088 Case 225 vs 0.0781 Baseline 

¶ R = 29.13 ft Case 225 vs 32.9 ft Baseline 

¶ CT/̀ tw of 0.072 Case 225 vs 0.063 Baseline 

¶ L/De of 9.5 Case 225 vs 10.2 Baseline (both likely optimistic) 

¶ A frontal flat plate drag (Fe) of  
o 6.9 sq. ft.  (2.54 sq. ft. Airframe + 4.36 sq. ft. MR Drag) Case 225 
o 9.3 sq. ft.  (3.98 sq. ft. Airframe + 5.33 sq. ft. MR Drag) Baseline 

Power Allocation and Systemic Gains 

The ultimate success of the boundary layer conditioning, tailcone pressure management, and 

precise rotor and propeller integration is directly measurable through total power required 

differences between the baseline ROBIN configuration and the ML Optimized Case 225. Figure 

10 summarizes the aircraft performance results, and Table 3 depicts the total and per-component 

power required. Together, these show the aerodynamic efficiency and dimensional load tradeoffs 

that occur at the subsystem level in order to bring a net improvement upon the metric of most 

importance to aircraft performance: total system power required. 

 
Table 3 Aircraft Performance Breakdown 

PERFORMANCE METRIC  ROBIN BASELINE  CASE 225 DELTA ( CHANGE) 

 TOTAL POWER REQ. 2,282.1 SHP 2,113.5 SHP -169 SHP (-7.4%) 

MAIN ROTOR POWER  1,497 SHP 1,528.9 SHP +32 SHP (+2.1%) 

MAIN ROTOR THRUST  21,776 lb 21,814 lb +38 lb (+1.8) 

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

MAIN ROTOR L/DE  10.24 9.53 -0.72 (-7%) 

PROPELLER THRUST 1,031.3 lb 763.7 lb -267.6 lb (-26.0%) 

PROP POWER (SHP) 785.1 SHP 584.5 SHP -200.6 SHP (-25.6%) 

PROP EFFICIENCY  0.726 0.722 -0.004 (-5.4%) 

AIRFRAME  DRAG  437.0 lb  278.8 lb -158 lb (-36.2%) 

AIRFRAME LIFT  188.9 lb 164.0 lb -24.9 lb (-13.2%) 

AIRFRAME L/D  0.43 0.59 +0.16 (+36.1%) 
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The data in Table 3 clearly demonstrates the tradeoffs, and ultimately net benefit, of the 

interactional phenomena that are implicitly handled in full  aircraft optimization. The large 

reduction of airframe drag (-158 lb) brings the airframe to a higher aerodynamic efficiency state 

(0.59 L/D) as a direct result of bluff cockpit flow conditioning working in concert with a low 

boattail angle tailcone to prevent separation driven pressure drag that would be especially 

harmful to this configuration because of pusher propeller induction. Because the airframe 

produces less drag, the propeller has to thrust less, and thereby has less associated power 

required (-200.6 SHP) at a similar propeller aerodynamic efficiency to the baseline (0.72 ́ ) for 

the 180 knot cruise condition. As mentioned before, the deliberate ingestion of shed airframe and 

rotor wake structures, now controlled and avoiding large scale separation, maintains the propeller 

efficiency of the baseline (0.72 ́ ) even though it had higher drag, and consequently, a larger 

shed wake and velocity deficit. Maintenance of high propeller efficiency with less velocity 

deficit than the baseline is driven by more favorable loading (CTp) as shown in Figure 10. 

 

Because the higher aerodynamic efficiency state (0.59 L/D) of the airframe is at a lower lift than 

the baseline, the main rotor needs to lift more (+38 lb). The slightly lower radius (29.13 ft) and 

higher solidity (0.088 ̀ tw) drive a higher blade loading (лΦлуо /¢κˋtw ) that is less favorable for 

rotor efficiency  (-0.72 L/De). Though in part driven by worse blade loading, higher solidity is 

also known to cause a net knockdown in pre-stall rotor aerodynamic efficiency. Ultimately, these 

various pieces work in concert to cause main rotor power required to go up (+32 SHP). This 

penalty is, however, overcome at the system level by a reduction in main rotor drag (-106.1 lb). 

This reduction is not unreasonable, given the combined effects of radius, solidity, rotational 

velocity, and historical CD trending with MR loading at this pitch attitude (0°) and for this 

change in blade loading with respect to the baseline (~0.01 CT/ ̀ tw). When working in tandem 

with the previously discussed airframe drag reductions, this rotor drag reduction brings a 

disproportionately large propeller system power required reduction (-200.6 SHP) that results in 

net system improvements: cruise for Case 225 is at -7.4% (-169 SHP) total power required when 

compared to the baseline. These findings support the previously articulated hypothesis that full 

aircraft optimization lead to tradeoffs at the subsystem level that can improve system 

performance in incremental, yet significant, ways that isolated performance analyses cannot 

because of their isolated nature (no room for subsystem to subsystem tradeoffs). 

 
Table 4. Rotor Drag Reduction Waterfall 

Design Change Design Parameter Fallout Performance 

OMG(rad/s) R (ft) S CD/S CD Force Denom. Drag (lbf) 

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 and non-linearly 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 example, a traditional 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 rotor drag and 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 multi-dimensional environment accurately. The SVM 

architecture was specifically selected based on rigorous Root Mean Square Error (RMSE) 

validation against the 180 high-fidelity CFD cases, as summarized in Figure 12Figure 13. SVMôs 

inherently excel at capturing complex, non-linear 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 response surfaces 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 before induction driven separation 

occurs. Figure 13 (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 dimensional efficiency is maximized. 

It is worth noting that from a vehicle perspective, dimensional efficiency is the key parameter of 

value, as opposed to aerodynamic efficiency. These can, and often are, different. A good 

example is rotor Figure of Merit, an aerodynamic efficiency metric that is intimately 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 ñHigh Performerò. While Case 50 achieved notable drag reduction compared to the 

Baseline ROBIN geometry, it ultimately represented a local optimum ï a design that successfully 

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

to fully exploit the synergistic interactional 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 architecture, operating envelope, and the 

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

in the ñtraining dataset generationò - ñtrainingò -  ñprediction with surrogate modelsò cycle could 

yield small improvements, for our exploratory purposes, this design is at the pareto front that 

drives down main rotor SHP and propeller SHP. Ultimately, 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 efficiency through 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 nuanced aerodynamic 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 surrogate ,model 

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 to a highly 

streamlined nose when it serves to aggressively accelerate the flow, thereby infusing the 

boundary layer with the critical streamwise momentum required to survive aft-body deceleration 

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 prevent flow separation. 

Any separation in this region results in catastrophic pressure drag magnification due to the 

accelerated local dynamic pressure with respect to the propeller-less alternative. Aft fuselage 

geometries must therefore employ low boattail angles, 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 pressure.  Third, managed velocity deficit and rotor / propeller loading drives 

efficiency. While gross separation must be avoided, the controlled ingestion of the airframeôs 

thickened boundary layer ï a targeted velocity deficit ï directly enhances propeller efficiency by 

minimizing kinetic energy lost in the propulsorôs jet wake.  

 

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 airframe aerodynamic 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 optimizing 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 lbf aircraft in 180 knot edgewise cruise flight. This methodology definitively 

transitions rotorcraft engineering from iterative to single component refinement to true, system 

level design space convergence, 
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Figure 10. Summary of Aircraft Performance Results 

 

Pareto Front 
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Figure 11. Total Power Required for Robin (Baseline), Case 50 , and Case 225 

 

 
Figure 12. Summary of Machine Learning RMSE Results 
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Figure 13. Predicted vs True Response for Quadratic SVM (Model 2.9) 

 

 
Figure 14. SVM  Power Required Predictions for a Highly Discretized Design Space 
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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 17. Boundary Layer Separation for Case 225 

 

 
Figure 18. Pressure Coefficient (nd) vs  Longitudinal Station (ft) 
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Figure 19. Pressure Coefficient Contours on OML 

 

 
Figure 20. qlocal / qfree Contour Plot\ 
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Figure 21. Percent of Freestream Velocity Contour at the Propeller Plane for Case 225 

 
Figure 22. Vorticity Magnitude > 75s-̂1, offset 6ò from Body, Pilotôs LHS for Case 225 

 

 
Figure 23. Vorticity Magnitude > 75s-̂1, offset 6ò from Body, Pilotôs RHS for Case 225 
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Figure 24. Optimized Airframe with Main Rotor Blades and Propeller Blades 
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Chapter 5:  Conclusion 

 

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 that are subsequently 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, ML driven 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 prediction of highly complex and non-intuitive interactional 

aerodynamics ï such as wake ingestion, boundary layer health, propeller induction, and 

rotor/propeller loading ï ensuring that the aircraft performs as a fully cohesive, optimized system 

from the start rather than 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, future efforts 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 (such as Case 225) can be seeded with a denser, highly 

localized Design of experiments. This would further refine the machine learning modelôs 

resolution of subtle aerodynamic ridges, potentially uncovering deeper micro optimizations. 

Second, future computational 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 massive parasite 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 steady-state approximations toward high-fidelity, time-resolved 

aerodynamics. A critical next step involves replacing time-averaged Virtual 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 discrete blade-vortex interactions, true 

wake impingement on the pusher propeller and empennage, and unsteady flow separation over 

the complex aft body. Additionally, future work should evaluate performance at varying angles 

of attack to better reflect realistic flight envelopes beyond 0° pitch. At a minimum, these 

simulations are required to validate the performance gains of the Case 225 geometry. Applying 

this high-fidelity approach to the entire study remains cost-prohibitive due to computing 

constraints in 2026. 
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Appendix 
 
 

Table 5. DOE Results 

F1 F2 F3 F4 F5 F6 F7 F8 F9 F10 F11 F12 F13 F14 F15 F16 

0.1 0.3 0.9 1.85 2.05 95 140 0.45 0.9 1.2 0.06 0 70 1.466667 0.04 140 

0.1 0.377778 0.9 1.8 2 99.44444 60 0.383333 0.65 1.2 0.06 0 100 0.4 0.04 60 

0.055556 0.3 0.7 1.95 2.027778 105 140 0.3 0.9 1 0.1 0 50 2 0.06 140 

0 0.3 0.7 1.95 2.05 105 60 0.3 0.65 1.2 0.06 0 100 0.4 0.06 140 

0.1 0.3 0.9 1.8 2 99.44444 60 0.45 0.9 1.066667 0.082222 0.035556 100 0.4 0.06 140 

0 0.4 0.9 1.95 2 105 60 0.4 0.9 1 0.1 0 100 2 0.06 60 

0.1 0.3 0.7 1.95 2 105 60 0.45 0.65 1.2 0.1 0.08 10 2 0.04 60 

0.1 0.3 0.811111 1.95 2 95 140 0.3 0.65 1.2 0.06 0 10 2 0.04 140 

0 0.3 0.9 1.8 2 95 60 0.3 0.65 1.2 0.06 0.08 100 0.4 0.06 140 

0.1 0.4 0.7 1.95 2 105 140 0.4 0.65 1 0.06 0 100 2 0.04 140 

0 0.3 0.9 1.9 2.05 105 140 0.4 0.9 1 0.06 0.08 100 2 0.04 140 

0.1 0.3 0.9 1.95 2 105 60 0.3 0.9 1.2 0.06 0 50 0.4 0.06 113.3333 

0 0.4 0.9 1.95 2.05 105 60 0.4 0.65 1.2 0.1 0 10 0.4 0.06 60 

0 0.4 0.811111 1.95 2.05 105 140 0.4 0.9 1.2 0.086667 0.08 100 0.4 0.04 140 

0.1 0.3 0.9 1.8 2 105 60 0.45 0.9 1.2 0.06 0.08 100 2 0.04 95.55556 

0 0.3 0.9 1.95 2 105 104.4444 0.3 0.65 1.2 0.1 0.08 10 2 0.053333 140 

0.1 0.4 0.9 1.95 2 95 140 0.4 0.65 1 0.1 0 70 1.111111 0.051111 60 

0.1 0.3 0.9 1.8 2 95 140 0.45 0.65 1.066667 0.1 0.08 10 0.4 0.06 60 

0 0.3 0.7 1.95 2 105 140 0.4 0.9 1 0.1 0.08 100 2 0.04 95.55556 

0 0.3 0.811111 1.95 2 105 140 0.3 0.65 1 0.1 0 10 0.4 0.04 60 

0 0.3 0.7 1.85 2.05 95 140 0.3 0.9 1.2 0.1 0.08 100 2 0.06 60 

0 0.4 0.9 1.95 2.05 95 113.3333 0.45 0.788889 1.2 0.06 0.08 10 2 0.06 140 

0.1 0.4 0.7 1.95 2.05 95 140 0.4 0.9 1.2 0.1 0.08 10 0.4 0.06 60 

0.1 0.3 0.7 1.8 2 105 140 0.45 0.65 1.2 0.06 0 10 0.4 0.06 140 

0.055556 0.3 0.9 1.95 2 95 140 0.45 0.65 1.066667 0.06 0 100 2 0.04 60 

0.1 0.3 0.811111 1.883333 2 100.5556 140 0.45 0.816667 1.066667 0.06 0.08 10 0.4 0.04 140 

0 0.4 0.7 1.95 2 95 140 0.45 0.9 1.2 0.1 0 100 2 0.06 140 

0.1 0.3 0.9 1.95 2 95 60 0.45 0.65 1.2 0.06 0 10 0.4 0.06 60 

0.1 0.3 0.9 1.8 2 105 140 0.3 0.9 1.111111 0.1 0.08 60 2 0.04 60 

0 0.3 0.9 1.95 2 105 140 0.45 0.9 1.066667 0.1 0.08 10 0.4 0.06 60 

0 0.355556 0.7 1.8 2 101.6667 60 0.45 0.65 1.2 0.1 0.08 10 0.4 0.06 140 

0 0.3 0.7 1.95 2 95 140 0.4 0.65 1 0.06 0.035556 10 2 0.06 60 

0.1 0.3 0.7 1.8 2 105 60 0.3 0.788889 1 0.1 0.08 10 2 0.06 86.66667 

0.044444 0.4 0.7 1.95 2 105 60 0.4 0.65 1.2 0.06 0 10 2 0.06 113.3333 

0.1 0.4 0.9 1.95 2 95 104.4444 0.4 0.9 1.2 0.06 0.08 100 1.288889 0.04 140 

0 0.3 0.9 1.8 2 95 140 0.45 0.9 1.155556 0.06 0.08 10 2 0.06 140 

0.1 0.4 0.7 1.8 2 105 60 0.4 0.9 1 0.1 0 10 0.4 0.06 60 
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0.1 0.3 0.7 1.95 2 95 60 0.3 0.65 1 0.06 0.08 10 0.4 0.06 140 

0.1 0.3 0.7 1.85 2.05 95 140 0.3 0.65 1 0.1 0.026667 100 0.4 0.06 60 

0 0.4 0.9 1.8 2 105 68.88889 0.45 0.9 1.111111 0.06 0 100 0.4 0.053333 140 

0.1 0.3 0.9 1.85 2.05 105 60 0.3 0.65 1.2 0.1 0 10 1.288889 0.06 140 

0 0.3 0.7 1.95 2 95 140 0.3 0.9 1 0.1 0.08 100 0.4 0.051111 60 

0.033333 0.3 0.9 1.95 2.05 105 60 0.45 0.65 1.2 0.1 0.08 100 0.4 0.048889 140 

0.1 0.3 0.9 1.95 2 105 140 0.433333 0.65 1.044444 0.1 0 10 2 0.06 140 

0 0.3 0.9 1.95 2 105 60 0.3 0.65 1.2 0.06 0.08 100 0.4 0.04 60 

0 0.4 0.7 1.95 2 95 60 0.45 0.9 1.066667 0.1 0 10 0.4 0.04 60 

0.1 0.4 0.9 1.833333 2 95 140 0.4 0.9 1 0.06 0.08 100 2 0.06 60 

0.1 0.3 0.7 1.85 2.05 105 140 0.3 0.65 1 0.06 0.08 100 2 0.04 60 

0.1 0.4 0.7 1.883333 2 105 60 0.4 0.9 1.2 0.06 0.08 100 0.4 0.06 140 

0 0.3 0.9 1.8 2 99.44444 140 0.3 0.65 1 0.06 0 100 2 0.06 86.66667 

0 0.3 0.766667 1.95 2.05 105 140 0.45 0.65 1.2 0.06 0 10 1.288889 0.04 86.66667 

0 0.4 0.7 1.95 2.05 105 140 0.4 0.9 1 0.06 0 100 0.4 0.06 60 

0 0.3 0.9 1.8 2 105 60 0.45 0.65 1.2 0.1 0 100 2 0.06 60 

0.1 0.4 0.9 1.95 2.011111 95 140 0.4 0.9 1 0.06 0 10 0.4 0.06 140 

0.1 0.4 0.9 1.95 2.05 95 140 0.45 0.65 1.2 0.1 0 10 0.4 0.04 140 

0.1 0.4 0.9 1.95 2 105 140 0.45 0.65 1.2 0.06 0.08 60 0.4 0.06 140 

0.1 0.3 0.7 1.95 2 95 60 0.3 0.65 1.2 0.06 0.08 100 2 0.06 60 

0.1 0.3 0.9 1.8 2 105 140 0.3 0.9 1 0.06 0.08 100 0.4 0.06 140 

0 0.366667 0.9 1.85 2.05 105 60 0.366667 0.9 1.2 0.06 0.08 70 2 0.06 60 

0 0.3 0.7 1.95 2.05 105 60 0.3 0.9 1.2 0.1 0.035556 10 0.4 0.06 60 

0.1 0.366667 0.9 1.85 2.05 95 60 0.366667 0.9 1 0.06 0.08 10 2 0.04 140 

0 0.3 0.7 1.95 2.05 95 140 0.45 0.9 1.2 0.1 0.035556 10 2 0.04 140 

0.1 0.4 0.7 1.85 2.05 95 60 0.4 0.65 1.2 0.1 0.035556 100 0.4 0.048889 140 

0.1 0.3 0.7 1.85 2.05 105 140 0.45 0.9 1.2 0.1 0.08 100 2 0.06 140 

0.1 0.3 0.7 1.95 2.05 95 140 0.45 0.9 1.2 0.06 0.08 100 2 0.04 60 

0.1 0.3 0.7 1.95 2.05 95 60 0.3 0.733333 1 0.06 0 10 1.111111 0.04 60 

0.066667 0.3 0.9 1.883333 2 95 140 0.3 0.65 1.2 0.1 0 100 0.4 0.06 140 

0.1 0.4 0.9 1.95 2.05 95 60 0.4 0.65 1 0.06 0 100 2 0.06 140 

0 0.3 0.7 1.85 2.05 105 140 0.4 0.9 1 0.1 0.08 10 0.4 0.04 60 

0.1 0.3 0.9 1.9 2 105 60 0.3 0.9 1 0.06 0 100 2 0.04 60 

0 0.3 0.7 1.833333 2.033333 95 60 0.45 0.733333 1.2 0.06 0 100 2 0.04 140 

0.1 0.4 0.9 1.85 2.05 105 140 0.45 0.788889 1.066667 0.06 0.08 100 0.4 0.04 60 

0 0.3 0.9 1.95 2 95 140 0.45 0.65 1.2 0.1 0.08 10 0.4 0.04 60 

0 0.3 0.9 1.85 2.05 100.5556 140 0.45 0.65 1.2 0.06 0.08 100 0.4 0.06 60 

0.1 0.366667 0.7 1.8 2 105 140 0.366667 0.9 1.2 0.06 0 100 2 0.06 60 

0.1 0.3 0.7 1.85 2.05 95 95.55556 0.3 0.9 1.2 0.06 0 10 2 0.06 140 

0 0.3 0.9 1.8 2 105 60 0.433333 0.65 1.044444 0.06 0.08 10 2 0.04 60 

0 0.3 0.9 1.85 2.05 95 140 0.3 0.65 1.2 0.1 0 100 0.4 0.04 60 

0 0.4 0.9 1.95 2 105 140 0.4 0.9 1.2 0.082222 0 10 2 0.04 60 

0.1 0.3 0.9 1.95 2.05 95 140 0.3 0.788889 1 0.1 0 100 2 0.04 140 
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0.1 0.3 0.7 1.95 2.05 105 60 0.3 0.65 1.2 0.06 0.08 10 2 0.04 140 

0 0.3 0.7 1.95 2.05 105 140 0.3 0.65 1.088889 0.06 0.08 10 0.4 0.06 140 

0.055556 0.3 0.7 1.85 2.05 105 140 0.35 0.9 1.2 0.06 0 100 0.4 0.04 140 

0.1 0.3 0.7 1.95 2.05 105 60 0.45 0.9 1.066667 0.06 0 100 0.4 0.04 140 

0 0.3 0.7 1.95 2 100.5556 60 0.3 0.9 1 0.06 0.08 60 2 0.04 140 

0 0.377778 0.7 1.866667 2 95 140 0.383333 0.65 1.2 0.06 0.08 100 2 0.04 104.4444 

0.1 0.4 0.7 1.8 2 105 140 0.4 0.65 1 0.06 0.08 10 0.4 0.04 60 

0.1 0.3 0.7 1.95 2.027778 105 60 0.45 0.65 1.066667 0.06 0.08 100 0.4 0.06 60 

0 0.3 0.9 1.95 2.05 99.44444 60 0.3 0.9 1.133333 0.06 0 10 0.4 0.04 140 

0.1 0.3 0.9 1.95 2.022222 105 140 0.45 0.9 1.2 0.1 0 100 0.4 0.04 60 

0 0.3 0.7 1.95 2.027778 105 60 0.45 0.9 1.2 0.082222 0 10 2 0.06 60 

0 0.3 0.9 1.8 2 95 60 0.3 0.9 1.2 0.06 0 10 2 0.06 60 

0 0.3 0.833333 1.85 2.05 95 60 0.3 0.65 1.2 0.082222 0.08 10 2 0.04 86.66667 

0 0.3 0.9 1.85 2.05 95 140 0.4 0.65 1 0.077778 0 10 0.4 0.055556 140 

0.1 0.355556 0.7 1.8 2 95 60 0.433333 0.65 1.044444 0.06 0 100 0.4 0.06 104.4444 

0 0.3 0.7 1.95 2 105 60 0.4 0.733333 1 0.1 0 100 0.4 0.06 140 

0.1 0.344444 0.7 1.95 2.05 105 60 0.35 0.9 1 0.1 0.08 100 2 0.04 60 

0 0.344444 0.7 1.8 2 105 140 0.35 0.9 1 0.06 0 10 2 0.06 140 

0.1 0.333333 0.9 1.85 2.05 105 140 0.333333 0.65 1.2 0.1 0.08 10 0.4 0.04 140 

0.1 0.366667 0.9 1.95 2.05 95 60 0.366667 0.9 1.2 0.1 0 10 2 0.04 60 

0 0.4 0.7 1.8 2 95 77.77778 0.4 0.9 1.2 0.1 0.08 10 2 0.04 60 

0.1 0.3 0.9 1.85 2.05 105 140 0.416667 0.9 1.022222 0.06 0 10 2 0.06 60 

0 0.3 0.7 1.8 2 105 140 0.45 0.9 1.066667 0.06 0 100 0.4 0.04 60 

0 0.3 0.9 1.95 2 105 140 0.45 0.9 1.2 0.06 0 100 2 0.06 140 

0 0.3 0.7 1.95 2.05 95 140 0.45 0.9 1.066667 0.06 0.08 100 0.4 0.06 140 

0 0.3 0.7 1.8 2 105 60 0.3 0.65 1.111111 0.06 0 10 0.4 0.048889 60 

0 0.3 0.811111 1.8 2 95 104.4444 0.3 0.788889 1 0.06 0.08 10 0.4 0.06 60 

0 0.366667 0.7 1.95 2.05 95 60 0.366667 0.9 1 0.06 0.08 10 1.111111 0.06 60 

0.1 0.3 0.7 1.95 2.05 98.33333 60 0.45 0.65 1.2 0.1 0 100 2 0.06 95.55556 

0 0.3 0.9 1.85 2.05 95 60 0.45 0.9 1.2 0.06 0 10 0.4 0.04 60 

0.1 0.4 0.9 1.8 2 105 60 0.45 0.9 1.2 0.1 0.08 10 0.4 0.053333 60 

0 0.4 0.7 1.85 2.05 105 60 0.4 0.65 1 0.06 0.08 10 0.4 0.04 140 

0.044444 0.3 0.788889 1.85 2.05 105 60 0.416667 0.65 1.022222 0.06 0.044444 10 2 0.06 140 

0.1 0.3 0.9 1.95 2.05 95 60 0.45 0.9 1.066667 0.1 0.08 10 2 0.06 60 

0.1 0.3 0.9 1.85 2.05 95 60 0.3 0.9 1 0.1 0 100 0.4 0.06 60 

0 0.3 0.9 1.8 2 105 60 0.433333 0.9 1.044444 0.1 0 10 2 0.04 140 

0.1 0.4 0.9 1.95 2.022222 101.6667 60 0.4 0.65 1.111111 0.06 0.08 10 2 0.04 60 

0 0.4 0.7 1.85 2.05 95 60 0.45 0.9 1.066667 0.1 0.08 100 2 0.06 140 

0.1 0.355556 0.7 1.95 2 105 113.3333 0.45 0.9 1.2 0.06 0.044444 10 0.4 0.046667 60 

0 0.3 0.9 1.85 2.05 105 60 0.3 0.733333 1 0.1 0.08 100 0.4 0.04 140 

0 0.4 0.7 1.85 2.05 105 60 0.433333 0.65 1.044444 0.06 0 100 2 0.04 60 

0.055556 0.4 0.7 1.8 2 95 60 0.45 0.9 1.2 0.06 0 10 1.111111 0.04 140 

0.1 0.3 0.7 1.85 2.05 95 60 0.433333 0.65 1.044444 0.1 0 10 0.4 0.04 140 
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0.1 0.4 0.7 1.8 2 95 140 0.45 0.9 1.066667 0.1 0.08 100 0.4 0.04 140 

0 0.4 0.9 1.833333 2.033333 105 140 0.4 0.65 1 0.1 0.08 10 2 0.06 60 

0 0.4 0.9 1.95 2 99.44444 60 0.45 0.65 1.2 0.1 0 80 2 0.04 140 

0 0.4 0.9 1.8 2 95 60 0.4 0.761111 1 0.1 0.053333 100 1.111111 0.04 60 

0 0.377778 0.7 1.85 2.05 105 140 0.383333 0.65 1.2 0.1 0 50 2 0.06 140 

0.1 0.4 0.7 1.866667 2.022222 95 140 0.45 0.65 1.2 0.1 0 100 2 0.04 60 

0.1 0.3 0.9 1.95 2.05 105 140 0.3 0.65 1.2 0.06 0 100 2 0.051111 60 

0 0.3 0.811111 1.8 2 95 140 0.45 0.65 1.2 0.1 0.08 100 0.4 0.04 140 

0 0.3 0.9 1.95 2 95 104.4444 0.4 0.9 1 0.06 0 10 2 0.04 140 

0.1 0.4 0.7 1.833333 2.033333 105 140 0.45 0.9 1.2 0.06 0.08 10 2 0.04 140 

0.1 0.3 0.9 1.95 2 95 60 0.4 0.65 1 0.06 0.08 100 0.4 0.04 140 

0 0.3 0.7 1.95 2 95 60 0.3 0.65 1.066667 0.1 0 100 2 0.04 60 

0.1 0.3 0.7 1.8 2 95 60 0.3 0.9 1.2 0.06 0.08 10 0.4 0.04 60 

0.044444 0.3 0.7 1.8 2 98.33333 140 0.45 0.705556 1.2 0.1 0 10 2 0.046667 60 

0.1 0.3 0.7 1.8 2 105 95.55556 0.383333 0.65 1.133333 0.077778 0.053333 100 1.288889 0.04 140 

0 0.4 0.9 1.95 2 95 60 0.45 0.9 1.2 0.06 0.08 100 0.4 0.06 60 

0 0.3 0.7 1.95 2.05 95 60 0.4 0.65 1 0.06 0.08 100 0.4 0.04 60 

0.1 0.4 0.9 1.8 2 95 95.55556 0.4 0.65 1 0.1 0 10 2 0.06 140 

0.1 0.3 0.7 1.95 2 95 140 0.35 0.9 1.088889 0.06 0 100 0.4 0.06 60 

0 0.4 0.7 1.8 2 95 140 0.4 0.65 1.2 0.077778 0 100 0.4 0.06 60 

0.1 0.366667 0.9 1.95 2 105 60 0.366667 0.9 1 0.1 0.08 10 0.4 0.04 140 

0.1 0.4 0.9 1.833333 2.033333 105 140 0.4 0.65 1 0.1 0 100 0.4 0.04 113.3333 

0 0.4 0.7 1.95 2 105 140 0.4 0.733333 1.111111 0.1 0.044444 10 0.4 0.04 140 

0.1 0.3 0.7 1.8 2 95 140 0.3 0.9 1.2 0.1 0 10 0.4 0.04 140 

0.1 0.4 0.9 1.85 2.05 95 140 0.4 0.65 1.2 0.1 0.08 100 2 0.06 140 

0.1 0.333333 0.9 1.95 2 105 60 0.333333 0.9 1.2 0.1 0.08 100 2 0.06 140 

0 0.377778 0.7 1.866667 2 95 60 0.383333 0.9 1 0.082222 0 100 0.4 0.04 140 

0.1 0.344444 0.7 1.95 2.016667 95 140 0.45 0.65 1.2 0.1 0.08 10 1.644444 0.06 140 

0.1 0.3 0.766667 1.95 2 95 60 0.416667 0.9 1.022222 0.1 0 100 2 0.051111 140 

0.1 0.4 0.9 1.9 2.05 105 140 0.4 0.9 1 0.1 0.062222 10 1.466667 0.06 140 

0 0.4 0.9 1.95 2.05 95 113.3333 0.4 0.65 1 0.1 0.08 100 0.4 0.06 140 

0 0.3 0.9 1.95 2 95 140 0.3 0.788889 1 0.077778 0.08 100 2 0.06 140 

0 0.3 0.9 1.95 2.05 95 140 0.3 0.9 1.2 0.06 0.08 10 0.4 0.04 60 

0 0.344444 0.9 1.816667 2.016667 95 140 0.35 0.9 1.2 0.1 0.035556 10 0.4 0.06 95.55556 

0.044444 0.3 0.9 1.95 2.05 105 60 0.416667 0.65 1.022222 0.082222 0.017778 50 0.4 0.04 60 

0 0.4 0.811111 1.85 2.05 95 140 0.4 0.9 1 0.06 0 10 2 0.04 60 

0 0.3 0.9 1.833333 2.033333 105 140 0.3 0.733333 1.2 0.06 0.035556 10 2 0.04 140 

0 0.4 0.7 1.95 2.05 105 140 0.45 0.65 1.2 0.1 0.08 100 2 0.06 60 

0.055556 0.366667 0.788889 1.8 2 105 60 0.366667 0.65 1 0.1 0.08 100 2 0.04 140 

0.1 0.388889 0.7 1.95 2.05 105 104.4444 0.433333 0.65 1.044444 0.082222 0 10 0.4 0.06 140 

0 0.333333 0.7 1.95 2.027778 95 104.4444 0.333333 0.761111 1.2 0.06 0 50 0.4 0.04 60 

0.055556 0.3 0.7 1.95 2 105 140 0.3 0.9 1.2 0.06 0.08 10 2 0.06 60 

0 0.4 0.7 1.95 2.05 105 60 0.4 0.733333 1 0.1 0 10 2 0.046667 140 
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0.1 0.3 0.811111 1.95 2.05 95 60 0.366667 0.816667 1.2 0.1 0.08 50 0.4 0.06 140 

0.1 0.4 0.7 1.85 2.05 95 60 0.45 0.65 1.2 0.06 0.08 10 2 0.06 60 

0.055556 0.3 0.7 1.8 2 95 60 0.45 0.9 1.2 0.1 0.08 100 0.4 0.06 60 

0.1 0.3 0.811111 1.95 2.033333 95 95.55556 0.3 0.9 1 0.06 0.044444 100 0.4 0.04 95.55556 

0 0.3 0.7 1.8 2 105 60 0.3 0.9 1.2 0.1 0 100 2 0.04 140 

0 0.3 0.811111 1.95 2.05 95 140 0.45 0.844444 1.066667 0.1 0 100 1.288889 0.06 60 

0.1 0.3 0.9 1.85 2.05 98.33333 60 0.4 0.65 1 0.1 0.08 100 2 0.04 60 

0.1 0.4 0.7 1.95 2 95 60 0.433333 0.733333 1.044444 0.077778 0.08 10 2 0.04 104.4444 

0.1 0.3 0.7 1.95 2 101.6667 140 0.3 0.65 1.2 0.1 0.08 100 0.4 0.04 95.55556 

0.1 0.3 0.9 1.95 2.05 95 140 0.3 0.65 1 0.06 0.08 10 2 0.06 86.66667 

0 0.3 0.7 1.9 2 95 60 0.45 0.65 1.066667 0.1 0.08 100 2 0.06 140 

0 0.4 0.9 1.866667 2 105 140 0.45 0.65 1.066667 0.06 0 10 1.111111 0.06 60 

0.066667 0.4 0.7 1.85 2.05 98.33333 140 0.4 0.65 1 0.06 0.08 100 1.466667 0.06 140 

0 0.3 0.7 1.8 2 95 140 0.3 0.65 1 0.1 0.08 10 1.466667 0.04 140 
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Appendix: Pressure Coefficient Contours 

 
Figure 25. Pressure Coefficient Contours, Cases 1 to 3 
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Figure 26. Pressure Coefficient Contours, Cases 4 to 7 
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Figure 27. Pressure Coefficient Contours, Cases 8 to 11 
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Figure 28. Pressure Coefficient Contours, Cases 12 to 15 
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Figure 29. Pressure Coefficient Contours, Cases 16 to 19 
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Figure 30. Pressure Coefficient Contours, Cases 20 to 23 
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Figure 31. Pressure Coefficient Contours, Cases 24 to 27 
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Figure 32. Pressure Coefficient Contours, Cases 28 to 31 
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Figure 33. Pressure Coefficient Contours, Cases 32 to 35 
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Figure 34. Pressure Coefficient Contours, Cases 36 to 39 
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Figure 35. Pressure Coefficient Contours, Cases 40 to 43 
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Figure 36. Pressure Coefficient Contours, Cases 44 to 47 
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Figure 37. Pressure Coefficient Contours, Cases 48 to 51 
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Figure 38. Pressure Coefficient Contours, Cases 52 to 55 
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Figure 39. Pressure Coefficient Contours, Cases 56 to 59 



 

 

62 

 

 
Figure 40. Pressure Coefficient Contours, Cases 60 to 63 



 

 

63 

 

 
Figure 41. Pressure Coefficient Contours, Cases 64 to 67 
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Figure 42. Pressure Coefficient Contours, Cases 68 to 71 
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Figure 43. . Pressure Coefficient Contours, Cases 72 to 75 
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Figure 44. Pressure Coefficient Contours, Cases 76 to 79 
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Figure 45. Pressure Coefficient Contours, Cases 80 to 83 
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Figure 46. Pressure Coefficient Contours, Cases 84 to 87 
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Figure 47. Pressure Coefficient Contours, Cases 88 to 91 
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Figure 48. Pressure Coefficient Contours, Cases 92 to 95 
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Figure 49. Pressure Coefficient Contours, Cases 96 to 99 














































































