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ABSTRACT
Ducted propeller design for small size AUVs operating
in the flow transitional regime pose a challenging de-
sign task due to the absence of reference series, com-
plicated flow physics, in addition to the usual the high-
dimensional geometric parameter space and nonlinear
coupling between the propeller and duct. Our preferred
approach is to bypass low fidelity flow solvers, which ne-
glect important flow physics and setup a design by opti-
mization procedure. The open-ended nature of the opti-
mization problem, though, requires numerous design it-
erations before an optimum propeller is found. To ad-
dress this, we present a CFD-informed design procedure,
based on a high-fidelity RANSE solver with the k−ω− γ
transition model and a fully parametric 3D modeling de-
scription of the ducted propulsor. Surrogate modeling is
employed to construct a response surface, enabling ef-
ficient exploration of the design space via a genetic al-
gorithm. The resulting optimized propeller is compared
against a design selected from a widely studied system-
atic ducted propeller series, developed for high Reynolds
number applications. Critical analysis of the optimum
propeller demonstrate up to a 10% increase in propulsive
efficiency under design operating conditions, highlight-
ing the superiority of parametric optimization over tradi-
tional series-based selection.
Keywords AUVs, Ducted Propeller, Parametric Optimiza-
tion, CFD

1 INTRODUCTION
Autonomous underwater vehicles (AUVs) operate under
characteristic Reynolds numbers in the transitional regime,
where viscous effects become important and must be ac-
counted for in propulsor design. Furthermore, design lim-
itations are often enforced on propellers such as maximum
diameter and low design speed which lead to high loading
conditions. This is counterproductive to open-water pro-
pellers. Accelerating nozzles, as shown by Kort, can help
reduce load on the propeller and increase its overall effi-
ciency. However, the non-linearity of the duct-propeller in-
teraction increases the difficulty in optimizing or designing
the propeller system. To overcome this difficulty, this study
presents a computational fluid dynamics (CFD) approach

to the parametric optimization of ducted propeller design
for the Virginia Tech NextGen AUV (NGAUV). This CFD-
informed parametric design approach is subsequently com-
pared to an optimal propeller selected from a systematic
series of propellers.

The CFD-informed parametric optimization design method
is implemented as an iterative process that combines ge-
ometry modification methods, numerical simulations, and
optimization algorithms to identify new, unconventional
wake-adapted thruster geometries. Rather than relying
on simplified hydrodynamic assumptions common in tra-
ditional lifting-line and lifting-surface design methods,
optimization-based approaches allow us to use high-fidelity
numerical flow solvers to directly evaluate candidate de-
signs, enabling the treatment of complex flow phenom-
ena and geometric interactions that are difficult to capture
with classical methods. As a result, design by-optimization
has become an increasingly attractive approach for the de-
velopment of complex marine propulsors such as pumpjet
propulsors (Gaggero & Martinelli 2023), ducted propeller
nozzles (Gaggero et al 2017a), cavitating propeller for high
speed craft (Gaggero et al 2017b), open propeller geome-
try for merchant ship (Park et al 2015), and ship hull forms
(Coppedè et al 2019).

A key enabler of optimization-based propeller design is
the use of parametric geometry representations. Propeller
blades are commonly described through radial distributions
of geometric quantities such as pitch, chord, section mean-
line, and maximum thickness, which are often parameter-
ized using B-spline curves (Brizzolara et al 2009, Bertetta
et al 2012). The control points of these curves define a fi-
nite set of design variables resulting in high-dimensional
and non-linear design space. To explore such design
space, evolutionary and genetic algorithms, such as multi-
objective genetic algorithms (MOGA), nondominated sort-
ing genetic algorithms (NSGA-II), have been successfully
applied. These methods allow for the optimization of com-
peting objectives such as propulsive efficiency, cavitation
inception, and structural constraints as reported by Gag-
gero et al (2017a, 2017b), Gaggero & Martinelli (2023),
Park et al (2015), Vesting & Bensow (2018), Gaggero et
al (2016). Similar design-by-optimization approaches have
also been extended to related marine hydrodynamic appli-



cations, including super-cavitating hydrofoils by Vernengo
et al (2016) and ship hull form optimization by Coppedè et
al (2019).

Given the computational cost associated with high-fidelity
flow simulations, surrogate-based approaches such as re-
sponse surface methods have been introduced in conjunc-
tion to genetic algorithms to approximate quantities of in-
terest over the design space using a limited number of nu-
merical evaluations (Vesting & Bensow 2014), and (Gag-
gero & Villa 2018). These methods further broaden the
practical applicability of optimization-based propeller de-
sign, particularly when complex flow physics must be re-
solved.

However, despite the maturity of optimization-based pro-
peller design techniques, their application to ducted, wake-
adapted propellers operating in the transitional Reynolds
number regime typical of autonomous underwater vehicles
(AUVs) remains limited. This study aims to fill that gap by
providing a detailed CFD-informed parametric design pro-
cedure for a ducted AUV propeller. The remainder of the
paper is organized as follows: Section 2 details numerical
tools employed for the CFD-informed parametric design
optimization. The parametric description of the propeller
and the implementation of constraints and objectives are
presented. Section 3 summarizes the design results. Anal-
yses with the RANSE are included for the final selection
of the optimal propeller. Finally, conclusions and future
activities are proposed in section 4.

2 METHODOLOGY

2.1 Systematic Series Propeller Selection
Extensive research has been done on systematic series pro-
pellers using specific nozzle configurations for applications
on large ships. The tests were performed at the Netherland
Ship Model Basin (NSMB) in the 1950s using ducted pro-
pellers of 24 cm in diameter (much larger than the sizes
considered for NGAUV) tested at a rotational speed of 100-
150 RPM which corresponds to a characteristic Reynolds
number of 10M (Van Manen 1957). For comparison, the
Reynolds number that the NGAUV is expected to experi-
ence is around 3M. While both the B and Kaplan series of
propellers were investigated, only the B-series of propellers
were considered for use on the NGAUV. To further simplify
the problem, given that the NGAUV has four fins, propeller
configurations are limited to 3 bladed designs only to avoid
the resonance condition of the propeller operating in the
wake of the fins. Due to these requirements, only the B 3-
50 screw with nozzle 7 configuration from NSMB is con-
sidered.

The wake and thrust fractions were found via a k − ω − γ
transition turbulence computational fluid dynamics (CFD)
model for solving the Reynolds-averaged Navier-Stokes
equations (RANSE). The wake fraction was gathered by
simulating the full NGAUV hull without a propulsor under
constant ship speed. The wake was taken where the pro-
peller blades would act, which was assumed to be a con-
stant distance for this study. During this simulation, the
resistance of the bare hull was also recorded. The thrust

fraction was found using momentum disks to idealize the
rotation of the propeller blade under self-propulsion con-
ditions. The diameter of the propeller was left as an open
parameter before systematic series selection and therefore,
several radii of momentum disks ranging from 6 to 14 cm
were considered. Linear weighting was used to interpolate
between the tested diameters. To account for unknown sur-
face imperfections, a surface roughness of 300 microns was
assumed across the entire hull; this equates to an increase
of 30% in shear drag.

Using a standard procedure in naval architecture, the opti-
mum systematic propeller is selected from the standard se-
ries using an auxiliary non-dimensional coefficient built on
the known thrust, velocity advance, and assumed rotational
speed, ξ.

ξ =
KT

J4
=

Tn2

ρV 4
a

= const (1)

where n is the propeller speed in revolutions per second,
ρ is the density of water, and J is the advance ratio. This
constant parameter is used to find the advance coefficient of
each propeller in the systematic series that ensures equilib-
rium between the thrust delivered by the given propeller to
thrust required by the vehicle. The experimental data from
Van Manen (1957) includes hydrodynamic characteristics
of six different propellers with pitch over diameter ratios
ranging from 0.5 to 1.4. The propeller rotational speed can
be considered as an additional degree of freedom, forming
a 2D space with the diameter. The highest efficiency pro-
peller of the series is found for every given RPM and is
represented as a dot in Figure 1. The overall best is repre-
sented with a star, which is the propeller ultimately selected
as the series design candidate. For this best propeller, the
diameter is back calculated using its equilibrium advance
coefficient, given propeller speed, and given advance ve-
locity. Since the advance velocity, i.e. the average velocity
in the wake of the hull, depends on the propeller diameter, a
further iterative procedure is needed to ensure consistency
between the advance velocity and propeller diameter. The
iterative procedure begins by assuming a propeller diame-
ter and finding its advance velocity. This guessed advance
velocity and the one determined from the optimal diame-
ter are compared until the difference converges to within a
tolerance of 0.1%.

The selection of the optimum propeller has been completed
and the geometry and hydrodynamic characteristics are
known such as D, P/D, n, and Va. The 3D geometry was
generated using a B-series propeller parametric CAD CAE-
SES model. This propeller geometry is then imported into
the CFD software and placed in a nonuniform input con-
dition. The nonuniform flow at the inlet is set to the wake
of the AUV from the appended hull simulations. This ap-
proximates the condition the propeller will operate in, but
saves computational cost by avoiding the intensive meshing
of the AUV hull itself. To further save on computational
costs, a quasi-steady approach is used instead of an overset
mesh and a transitory simulation. Through personal exper-
imentation and has been noted elsewhere, a quasi-steady
approach is just as accurate as an overset mesh, transitory



simulation.

Figure 1: Efficiency curves from Van Manen (1957) with the
most optimal propellers at various RPMs shown as dots. The
most optimal propeller used in the paper is marked with a
star.

2.2 CFD-Informed Optimization Framework
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Figure 2: CFD-informed parametric design optimization
workflow

The parametric description of the propeller geometry is one
of the crucial steps in CFD-informed optimization. Apart
from assessing the reliability of analysis tools and devel-
oping objectives and constraints, the input parameters also
need to be chosen. The blade is defined by a set of param-
eter curves varying as a function of the propeller radius.
The parameters under consideration are the distribution for:
pitch, maximum thickness, chord and maximum camber.

By changing the camber and the pitch distributions, the ra-
dial distribution of load in propeller blade changes conse-
quently. Both pitch and maximum sectional camber were
modeled using cubic B-splines with 3 control points. A set
of 8 free design parameters was selected to vary propeller
geometry. The ranges in Table 1 were chosen to allow ex-
ploration of unconventional shapes and combinations while
avoiding unrealistic performance gains from designs that
violate prescribed constraints. This choice, established af-
ter several preliminary analyses, consists in:

• 4 parameters to describe radial pitch distribution

• 4 parameters to describe radial maximum camber
distribution.

Assuming for the sectional hydrofoil shape a NACA 66
thickness distribution combined with a NACA a08 camber

line; chord and consequently thickness, were maintained
equal to those of the selected reference propeller. This is to
avoid any considerations about blade strength in the uncon-
ventional case of tip loaded propellers. Similarly, for the
duct NACA 65A010 thickness distribution was combined
with a NACA a08 camber line.

Figure 3: Parametric model of ducted propeller

Table 1: Design variables and ranges for initial design space
exploration

Design Variables Range Description
pitchRoot [0.91,0.95] P/D value at the root
pitch1 [1.14,1.28] P/D value at the mid-

dle control point
pitch1Pos [0.5,0.8] r/R location of mid-

dle control point
pitchTip [1.29,1.37] P/D value at the tip
camber 00 [0.066,0.073]f0/c value at the root
camber 01 [0.025,0.06] f0/c value at the mid-

dle control point
camber 01Pos [0.3,0.8] r/R location of mid-

dle control point
camber 02 [0.030,0.096]f0/c value at the tip

The known samples of propeller are defined as the training
dataset. The set of training samples was based on 70 vari-
ants, uniformly distributed in all dimensions by employ-
ing the quasi-random deterministic Sobol algorithm (Sobol
1967). These design variants are used as known points for
the response surface created with the Kriging model.

Constraints are primarily employed to support the opti-
mization algorithm towards objectives. The optimization of
a new propeller design is generally carried out by prescrib-
ing a certain delivered thrust except a few exceptions where
thrust is also a design objective (Gaggero et al 2017b).
Forcing a certain thrust implicitly fixes the operative point
of the new design that, has to be, in general, as close as
possible to the reference configuration. In our case, it is
self-propulsion point at 800 RPM such that the resulting
thrust has to overcome the NGAUV drag of 11 N. In some
cases (Bertetta et al 2012, Gaggero et al 2012), a certain
margin (±1.5%) is accepted to avoid an excessive number
of unfeasible designs that slow down the convergence and
force the process to satisfaction of the thrust constraint. In
light of this, the optimization problem is formulated as fol-
lows.



• To maximize the propulsive efficiency η when sub-
jected to constraint in Equation (2):

subject to
∣∣∣∣T −D

D

∣∣∣∣ ≤ 1% (2)

Where T = propeller thrust; and D = NGAUV drag.

In the CFD based optimization framework, a robustly tuned
optimization algorithm guides the design of new propeller.
Genetic algorithms, use the principles of natural selection,
where subsequent generations are evolved through special-
ized operators. By applying mechanisms such as crossover
(recombination of parent traits) and mutation (random vari-
ation), the algorithm explores the design space to identify
optimal blade geometries. In this study, the genetic algo-
rithm is further assisted by a surrogate model in response
surface to reach optimal design. In this investigation we
will focus on Kriging interpolation because the objective
function estimates by Kriging are more accurate (Vesting &
Bensow 2014). The basic idea of the response surface mod-
eling using Kriging algorithm is based on the assumption
that an unknown point can be estimated by the weighted
sum of some given samples at various locations. Unlike
traditional regression, Kriging integrates a global approxi-
mation with spatial correlation effects. As shown in Equa-
tion (3), the prediction ŷ(x) for a deterministic response
y(x) is decomposed into a regression model F and a zero-
mean random function z(x).

ŷ(x) = F(β, x) + z(x) (3)

The spatial influence between design points w and x is gov-
erned by the covariance function in Equation (4). Here
R(θ, w, x) serves as the correlation model for the correla-
tion between any of the design points and σ2 is the process
variance. The predictor in the Kriging approach is linear.

Cov(w, x) = σ2R(θ, w, x) (4)

Adjusted R2 (R2
adj) is used as a statistical measure to re-

port the ratio of variability in a data set that the response
surface model accounts for.

As shown in the optimization chain in Figure 2, this study
uses non-dominated sorting genetic algorithm (NSGA-II).
An initial population of 70 members, derived from alter-
ing the parametric-description (B-Spline control points) of
the reference propeller within prescribed ranges, serves to
feed the calculations from which we derive the optimal ge-
ometries. A total of 5000 configurations (100 generations)
have been calculated for the blade shape optimization. The
optimization algorithm, of genetic type, is based on a gen-
erational evolution approach, i.e. it works on a set of de-
sign configurations that are periodically updated each time
a generation is completed. The parameters (i.e. probability
of mutation, probability of selection, probability of direc-
tional cross-over) were employed; in the light of prelimi-
nary calculations and the relatively low number of free pa-
rameters, was considered sufficient to achieve convergence.

3 RESULTS

3.1 Optimization Results

3.1.1 Initial Design Space Exploration
Each set of design variables given in Table 1 for each
training dataset are fed into the response surface. Subse-
quently the output vectors are processed using Kriging al-
gorithm. The Kriging algorithm fine-tunes the design based
on design variables, ensuring that the final propeller design
aligns with the criteria of required thrust and the perfor-
mance objective of efficiency.
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The response surfaces created for objective function-
propulsor efficiency and thrust are given in Figure 4. Here,
the corresponding R2

adj for objective function and perfor-
mance measure of this response surface are also shown.
The initial dataset contains 70 designs for which the perfor-
mance is calculated using CFD RANSE solver. The design
variables for these designs were generated using a Sobol
sequence algorithm. Once we perform NSGA-II optimiza-
tion on the initial response surface, we get a Pareto front.
In Figure 5, the training dataset, resulting feasible and in-
feasible designs are shown. Here, infeasible designs are
the resulting designs that don’t satisfy the self-propulsion
constraint in Equation 2. As shown in Figure 6, the Pareto
front is obtained after complete optimization which results
in maximum efficiency of 66.97%.

Figure 6: Pareto designs

3.1.2 Final Design Space and Results
Analyzing results predicted by the optimization algorithm
and operational requirements of propeller designs obtained
from the initial set of design variables given in Table 1, the
Pareto front in Figure 6 is not as uniformly spaced as we
expected. This is from the fact that design variables were
very much constrained and didn’t have much freedom to
vary to result in large number of generations by genetic al-
gorithm.

In this scenario, referring to the optimization framework
in Figure 2, we performed population refinement. We in-
creased the variations of the ranges of design variables for
more uniformly spaced design space. As shown in Fig-
ure 5, the design space from the training dataset based on
design variables in Table 1, resulted in thrust concentrat-
ing on the lower thrust region. The lowest value of thrust
was 6.72N , while the highest value was 10.78N . This
range for training dataset simply wasn’t sufficient to gener-
ate designs that could overcome the NGAUV drag of 11N .

Table 2: Design Variables and ranges for final design space

Design
Variables

Range Design
Variables

Range

pitchRoot [0.8,1.1] camber 00 [0.05,0.08]
pitch1 [1.2,1.6] camber 01 [0.05,0.1]
pitch1Pos [0.5,0.8] camber 01Pos [0.5,0.8]
pitchTip [1.3,1.8] camber 02 [0.05,0.12]
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Consequently, we redefined the range of design variables
of propeller to generate a new training dataset with 70 de-
signs using Sobol algorithm. The resulting ranges of de-
sign variables are shown in Table 2. Here, we allow less
strict restrictions on design variables with wide range of
variations. As a result, the thrust value of training dataset
is widespread across the design space ranging from lowest
value of 9.55N to highest value of 17.461N .

The design space including all training datasets, resulting
feasible and infeasible designs after optimization are shown
in Figure 8. The 70 new training dataset were sufficient to
cover the entire design space and to undergo optimization.
Figure 9 shows the optimization results for new response
surface model for the propulsor. This new Pareto front has
shifted from the original Pareto front in Figure 6. This is
because the training dataset used for constructing the new
response surface has more data points in the region of inter-
est. This is evident in RSM performance of thrust in Figure
7. The Pareto front in Figure 9 is almost flat resulting in
maximum efficiency of 72.01%.

Figure 9: Pareto designs and design selection for CFD simu-
lations

3.2 CFD Analysis of Pareto Designs
We demonstrate the validity of the CFD-based optimiza-
tion framework for designing propeller by selecting a few
designs that lie on the Pareto front of the surrogate model.
The selected designs for CFD analysis and their corre-
sponding design ID in the Pareto front is given in Figure
9. The performance of these propellers is investigated us-
ing CFD in the same nonuniform inflow conditions used
to develop the response surface. The CFD results for effi-
ciency, thrust, and torque are shown in Table 3. The values
obtained from the optimization algorithm for these designs
are shown in Table 4 and the percentage difference between
CFD and results from response surface is shown in Table
5.

Examining the predicted values to the CFD results, it ap-
pears as though the Pareto front consistently under pre-
dicted the results for efficiency and thrust. This under pre-
diction is most likely due to the nonlinear coupling between

the duct and propeller that, while included in the response
surface, is not inherently taken into account by the ge-
netic algorithm or constraints. Additionally, while Figure 7
shows a good response surface for middle efficiency values,
higher efficiencies like those selected for this examination
are under represented. Future work would ensure that the
highest efficiency propellers are accurately represented by
the response surface for optimization.
Table 3: Results for objective functions predicted by RANSE
solver of four designs selected from Pareto front of improved
surrogate model

ID Efficiency Thrust (N) Torque (Nm)
2183 74.1% 11.3 0.256
2359 75.0% 11.2 0.250
3450 75.0% 11.1 0.248
4317 75.3% 10.7 0.237

Table 4: Results for objective functions predicted by RSM of
four designs selected from Pareto front of improved surrogate
model

ID Efficiency Thrust (N) Torque (Nm)
2183 70.9 % 11.10 0.2560
2359 71.2 % 10.97 0.2530
3450 71.7% 11.00 0.2494
4317 72.07 % 10.92 0.2496

Table 5: Percentage error(between response surface and
RANSE solver) of four designs selected from Pareto front of
improved surrogate model

ID Efficiency Thrust (N) Torque (Nm)
2183 4.46% 2.03% 0.32%
2359 5.18% 1.98% 1.54%
3450 4.51% 1.36% 0.37%
4317 4.49% 2.14% 5.02%

Ultimately, these differences only result in a maximum of
5% error between predicted and CFD results. This error is
reasonable for a first attempt at using a high fidelity model
for generating the response surface. Further improvements
could be made, especially to the nonuniform inflow con-
dition; however, that is covered in more detail in the next
section.



Figure 10: Pressure coefficient distributions along the pro-
peller blade at a) r/R = 0.3, b) r/R = 0.5, and c) r/R = 0.7

3.3 Comparison with Systematic Series Propeller
We now compare the optimized propeller to the optimum
systematic series propeller in two configurations: one with
nozzle 7 from Van Manen (1957) and one with the flat duct
used by the response surface and optimized propellers. The
difference between the two ducts is the angle of attack, with
nozzle 7 having an angle of attack of 12.7 degrees and the
flat duct having no angle of attack, and the airfoil shape
of each duct. Nozzle 7 is a NACA 5415 airfoil and the
flat duct is an a=0.8 (modified) airfoil. Table 6 shows the
efficiency, propeller thrust, duct thrust, and torque of the
optimized propeller and the two configuration systematic
series propeller. The systematic series propeller from Van
Manen (1957), while producing the most thrust of the pro-
pellers, suffers in its efficiency due to the very low thrust
generated by nozzle 7. The low thrust produced by noz-
zle 7 is most likely due to the reversed flow on the inside
of the duct as shown in Figure 12. When swapping the
duct on the systematic series, the thrust produced by the
duct is nearly triple that of nozzle 7; however, it is still
half of the thrust produced by the same duct with the op-
timized propeller. This is due to the coupling interaction
between the propeller and duct being poor for the system-
atic series. Given that the flat duct was kept similar for
generating the response surface and that a better coupling
between the propeller and duct would result in higher effi-

ciency, it is reasonable to suggest that this coupling inter-
action was optimized as a part of the process. While the
efficiency of the optimized propeller was maximized, and
therefore the torque was minimized, the systematic series
still produced lower torque than the optimized propeller.
The chord and thickness distribution of the optimized pro-
peller were based off of the systematic series; therefore, the
difference between the two propellers not investigated here
are the rake and skew angle of the systematic series. Future
work could include optimizing rake and skew as well.
Table 6: Thrust, torque, and efficiency results for the system-
atic series propeller in the two duct configuration and the op-
timized propeller.

Designs Efficiency Propeller
Thrust(N)

Duct
Thrust(N)

Torque
(Nm)

ID 4317 75.3% 7.85 2.83 0.237
Nozzle 7 66.3% 8.76 0.678 0.238
Flat Duct 71.6% 8.26 1.49 0.228

Figure 11: Pressure coefficient distributions along the pro-
peller blade at a) r/R = 0.3, b) r/R = 0.5, and c) r/R = 0.7.

For the data presented in this paper, all CFD simulations
(aside from those completed to determine the wake and
thrust fraction) were performed using a nonuniform veloc-
ity inflow. The nonuniform inflow was set to be the cap-
tured wake where the propeller blades would act. Figure
13 shows the pressure distribution along the propeller blade



of the optimized propeller for the nonuniform inflow case
and behind the simulated hull with constant ship speed. For
the nonuniform case, the pressure distribution is wider and
shifts as the radius increases, this is unlike the behind hull
scenario. The difference in the two pressures is most likely
due to the setup of the nonuniform inflow. The NGAUV
has multiple appendages at different locations along the
hull, all of which shed vortices that cling to the surface
of the hull. These vortices, as they approach the propeller,
result in a transient non uniformity that was not captured
in this paper. Future improvements could be made to use a
time-averaged or table of transient data on the inflow con-
dition.

Figure 12: Pressure coefficient distribution along the duct at
a spot a) away from the propeller blade and b) near the pro-
peller blade.

Figure 13: Pressure coefficient distributions along the pro-
peller blade at various radii for configurations where the pro-
peller was placed in a) behind the AUV hull and b) nonuni-
form flow field.

P
ar

am
et

er
 V

al
u
es

tmax

c
 

f0

c
10 

P

D
 

Chord Distribution 

Maximum Thickness Distribution 
Camber Distribution 
Pitch Distribution 
B-Spline Control Points

r

R
)  Radial Position )  

Figure 14: Radial distributions of pitch, camber, thickness
and chord distribution of the optimal design (ID 4317)

4 DISCUSSIONS

4.1 Conclusions
In conclusion, we have described and demonstrated the ef-
ficiency of a design by optimization procedure for wake-
adapted small ducted propellers. The design is informed
by high-fidelity CFD and a fully parametric geometry opti-
mization method. The response surface was generated via
high-fidelity CFD software using a quasi-steady approach
featuring the vehicle nominal wake at the inlet to save on
computational cost. The optimized design was compared
to the best systematic series propeller and it was found that
the optimized design improved efficiency by 10%.

4.2 Future Work
Future work will expand upon this preliminary study and
will include other parameters not considered free in the re-
sponse surface of this paper such as chord and thickness
distributions. With every additional variable added to the
design space, the required number of simulations grows
quadratically as shown in Table 2. Rake and skew, if repre-
sented by B-splines with three control points each, would
double the number of variables in the current design space.
Thus, to limit the scope of future investigations, both of
these parameters are considered fixed. Instead, future ef-
forts will prioritize optimizing the duct geometry. Since
the duct-propeller interaction is highly nonlinear, an inves-
tigation into optimizing the duct offers performance poten-
tial while adding considerably fewer design variables com-
pared to rake and skew.
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