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The need of reducing the dependence of fossil fuels and CO2 emissions have motivated
the diversification of energy matrix. Among the Renewables, the hydropower shows
better characteristics compared to solar, wind, biomass and geothermal, because its low
CO:z emissions, higher density and others technical factors. Within the Hydropower, the
Hydrokinetic turbines (HT) are considered as a promising technology because can
provide electricity during low flow velocity conditions (< 2 m/s) and is able to operate
in shallow waters < 8 m and in secluded areas without access to the energy network. In
this sense, the present study incentivizes the research in Hydropower and proposes and
new application of DOE-ANOVA combined with Computational Fluid Dynamics
(CFD) modelling for the HT design and optimization. Accordingly, this work evaluated
the performance of a HT with 1.9 m of rotor diameter operating in a water flow of 1.5
m/s through a 23 factorial design with 9 modelling cases (MC). The results showed that
the increment of outlet diameters increased the downstream velocity and the
hydrodynamic pressure over the HT, and the reduction of the blade tip edge distance
generated an increment of the response of the HT hydraulic and mechanical properties.
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1. INTRODUCTION

The rapid increase in human population, industries and the
modernization of lifestyles, has increased the demand for
fossil fuels to support the generation of electricity. Climate
Change, the main global environmental concern, is closely
related with the emissions of greenhouse gases (GHG), which
have motivated international agreements to mitigate GHG
emissions. Initiatives like the United Nations sustainable
development goals (SDGs), aims to promote the access to
clean and sustainable energy (Renewables) motivating
strategies to mitigate the impacts of climate change. Currently,
countries like China, the United States and the European
Union are leading the transition to Renewables [1, 2]. The
global electricity demand increased 75% between 2000 and
2018, from 13,152 TWh to 23,031 TWh, and it is estimated
increase by 58% in the next 20 years [3].

That growing demand for electricity could be supported
with Renewable energies (RE), with hydropower systems
rising as an attractive choice because of its low emissions of
GHGS (41 gcozeq/KWh) contrasted to wind (80 gcozeq/KWh)
and solar (90 gcozeq/KWh) technologies [4]. Hydropower
systems can be exploited with traditional large scale plants
with large dams [5], or using hydrokinetic turbines at a smaller
scale alongside natural stream flows to take advantage of the
kinetic energy from the current for power generation [6].
Hydrokinetic turbines, have been applied on river, tidal and
ocean currents [7]. As compared to other renewable sources
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like Onshore and Offshore wind, Solar, Biomass, and
Geothermal, Hydropower has advantages on the energy
density, predictability of power production, capacity factor,
GHG emissions, visual impact and generation costs [8]. The
use of non-conventional renewable technologies, including
solar, wind, biomass and small hydropower can help to address
the need to provide clean energy to remote locations [9,10],
and to communities with access to a low-quality and expensive
electricity [11].

The HT are classified according the angle between the
inflow vector and the plane of swept area (i.e axial flow, cross
flow) [12] and the type of hydrokinetics (i.e river, tidal,
oceanic) [13]. Nago et al. [13] performed a literature review
and listed several inlet diameters (D) and operation velocities
of HT, and we group them in micro (0.15 m <D < 0.7 m), mid
(0.7 m <D <2 m) and large (D > 2 m), which may operate
during low (< 1.5 m/s) or rapid velocity conditions (> 1.5 m/s).

Particularly, hydrokinetic turbines can be instrumental
because they can operate at low flow velocity conditions (i.e.
0.3 to 0.7 m/s) requiring small infrastructure and low energy
concentration [14]. Hydrokinetic turbines (HT) with swept
diameters lower than 1 m are limited to shallow waters
constraining power generation to few hundred watts under
these conditions [15]. Therefore, HT must be grouped and
configured in arrays to generate sufficient electricity for
commercial developments [14], hence, optimizing this
technology is cornerstone to make it feasible and accessible.

The research and development of HT have shown some
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progress recently with pilot projects and research studies using
physical models and numerical modelling [16, 17]. Studies of
HT for low velocity conditions have been performed for
different applications like hydropower systems in irrigation
channels [18], waterwheels and transverse horizontal axis
turbines for moderate sized rivers [19] with ultra-low head
turbines [15]. The interest in HT for tidal energy has
materialized initiatives such as the Roosevelt Island Tidal
Energy (RITE) project in the United States (New York) which
utilized 30 HT in an array to produce 35 kW [20, 21]. In
Canada the Maine project used 15 HT of 500 kW to provide
electricity for the urban area of east Maine [22]. Other
countries are identifying potential areas for tidal HT [11] and
evaluating factors for the building and installation of new HT
plants [23].

The design of HT starts with the shape definition, sizing and
preliminary characterization of the model [24], and the
concept evaluation through physical and numerical
approaches such as the Computational Fluid Dynamics (CFD)
simulations [25, 26]. Authors like Saini and Saini [27]
performed physical and numerical simulations (CFD) using a
model of a HT developed in ANSYS (www.ansys.com) to
evaluate its performance under several experimental
conditions; ANSYS is a multiphysics model capable of
solving complex fluid-structure interactions [28]. The results
show that hybrid rotor experienced smooth flow and low
pressure over the structure. Ramadan et al. [29] assessed two
Savonious rotor profiles within an irrigation channel through
CFD modelling (ANSYS) and physical models. The research
concluded that the FLUENT module of ANSYS model
depicted an acceptable accuracy due to the numerical-
experimental results.

The scour around submerged structures such as HT is
considered critical for their stability. In this sense, Khaled et
al. [30] implemented a CFD model in OpenFOAM
(www.openfoam.com), to analyze the sediment transport
around a hydrokinetic turbine. The study pointed that the
energy extracted by the turbine altered the hydrodynamic field,
which triggered scour phenomena and sediment deposition
zones nearby the structure. Lee et al. [31] analyzed the axial
flow of a 3D printed HT at several tip speed ratios and
recommended new research for validating the experimental
results through numerical modelling and a future optimization
of the model through parameterized equations.

The optimization processes of HT for low velocity
conditions have been carried out through the combination of
CFD modelling and experimental data, analyzing the
performance of the model at different scenarios considering
the expertise of the researchers [32, 33]. Madav [34]
performed CFD modelling (ANSYS) and experimental test to
optimize a V-shaped hydrokinetic turbine for operating under
a low velocity regime (i.e. 0.513 m/s), and pointed the effect
of changing the aspect ratio increased the energy conversion.
Espina-Valdé& et al. [35] used experimental data and CFD
modelling (ANSYS) to evaluate the effect of water pressure
and velocity over a HT, and pointed as future work the
improvement of CFD results when increasing the number of
rotor blades. Tovar et al. [36] evaluated a HT through CFD
modeling (ANSY'S), and recommended specific materials for
manufacturing the turbine, such as T84 aluminum because of
its good mechanical properties against abrasive environments
seen in the ocean environment.

The use of heuristics and artificial intelligence for
optimizing turbines is evidenced in several studies, such as the
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application of Differential Evolution Algorithm (DEA) to
improve the performance of blade sections [37]. Cavalari
Labigalini et al. [38] configured a hybrid metaheuristic multi-
objective optimization method to improve the performance of
a hydrokinetic turbine; the study combined the methods
Artificial Bee Colony (ABC), Simulated Annealing (SA),
Particle Swarm Optimization (PSO) and the Flower
Pollination Algorithm (FPA). As future research the study
recommended CFD simulations and prototyping to validate
the numerical results of the developed hybrid model. Other
studies such as the performed by Bouvant et al. [39] have
considered the Design of Experiment theory [40], and have
used central composite design of experiments (CCD-DOE)
and the surface response method to analyze the turbine model
and to construct parameterized equations through second-
order regression models for the optimization process.

Hydrokinetic turbines, considered a non-conventional
technology, is costly and have low availability in the market.
Additionally, the output power of HT must be improved to
make this technology a sustainable and low-cost energy
generation system, while more flexible designs are need to
operate in shallow waters and remote areas. The reviewed
literature evidenced that the designing of HT is commonly
developed based on CFD modelling, validated with
experimental data, with an optimization process to evaluate
different experimental conditions and reach a suitable design
through heuristics and statistical methods. So far, the DOE-
ANOVA (Design of Experiments -Analysis of Variance) have
been neither applied widely to optimize HTs nor used to assess
the standardized effects and analyze the effect of independent
variables (factors) over dependent variables (responses).

Considering the need to strengthen hydropower technology
through new methodologies, this research proposes the
implementation of the DOE-ANOVA method to optimize HTs.
To this end, the present study evaluates the performance of a
HT model at low flow velocity (i.e., 1.9 m/s) with CFD
modelling and DOE-ANOVA. The results were analyzed
using pareto graphs and the standardized effects to understand
the impact of independent variables over the response
variables. Furthermore, from the DOE-ANOVA results were
generated a ANOVA standardized effect model and a Multiple
linear regression model to set parameterized equations to
simulate the response of hydrodynamic and shape parameters
of the HT under new experimental conditions. These new
parameterized equations and the DOE-ANOVA results will
reduce the number of MC required in the CFD modelling,
providing efficiency and economy to the design-optimization
processes of new HT.

2. METHODOLOGY

To evaluate the performance of HTs model through
numerical modelling, this study designed a methodology
process. The methodology starts defining hydraulic and water
properties of the area where the HT will operate. Afterwards,
the parameterized equations are derived from statistical
methods during the optimization process. The pseudocode of
the methodology may be seen next:

1. START

2. DEFINE hydraulic parameters and water properties of
the study area.

3. CONSTRUCT turbine (3D CAD model).

4. SET-UP CFD model.



5. DESIGN experimental
Experiments (DOE)-ANOVA.

6. PERFORM numerical simulations of CFD model
according to the MC of DOE ANOVA factorial design.

7. ANALIZE DOE-ANOVA results through Standardized
pareto diagrams and Main Effect plots.

8. SET ANOVA standardized effect models and Multiple
regression models.

9. COMPARE CFD results against ANOVA and Multiple
regression model results.

10. ESTABLISH parameterized equations according to
statistical results (r-coefficient, RMSE).

11. END

The ANSYS software (www.ansys.com) was utilized to
perform the CFD (Computational Fluid Dynamics)
simulations. ANSY'S is a Multiphysics model able to simulate
complex fluid-structure interactions and other physical
problems. In Table 1 are listed the used boundary conditions,
as well as the fluid control volume properties and the applied
numerical methods recommended in Rueda-Bayona et al. [41].

conditions of Design of

Table 1. Fluid properties, boundary conditions, and
numerical approach of the CFD model (ANSY S-Fluent)

Parameter Value
Water density (kg/m3) 1000
Viscosity (m?/s) 8.37*10°%7
Solver Pressure based
Velocity formulation Absolute
Time Steady
Z gravity (m/s?) -9.81
Boundary conditions Upstream
Velocity specification Magnitude, normal to the
method boundary
Reference frame absolute
Turbulence - method Intensity and viscosity ratio
Turbulent intensity (%) 5
Turbulent viscosity ratio 10
Solution methods
Pressure-velocity coupling Yes
Scheme Coupled
Spatial discretization
Gradient Least Squares Cell-based
Pressure Second-order
Momentum Second-order Upwind

Turbulent Kinetic Energy
Specific dissipation rate

1st order upwind
1st order upwind

Pseudo transient Yes
Pressure 0.5
Momentum 0.5
Density 1
Body forces 1
Turbulent Kinetic Energy 0.75
Specific dissipation rate 0.75
Turbulent viscosity 1

The used spatial discretization, solution methods and
turbelence parameters for the CFD modelling (Table 1) were
tuned considering the convergence of the numerical solution
and the expected behavior of a perturbed hydrodynamic field
[42,43]. To guarantee a numerical stability during the MC was
used the pressure-based solver and the stationary mode
because it showed better numerical stability than transient
mode. The hydraulic parameters and water properties to
evaluate the design were taken from in situ measurements of
the Magdalena River [44, 45] such as a water density of 996.31
kg/m3 and water depth of 6.5 m. The Reynolds number (Re) is
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necessary for the initial boundary conditions of the CFD model
(ANSYYS), then, it was calculated through equation (1), with
kinematic viscosity (v) at 28°C equals to 8.37*10%" m?/s, inlet
diameter of 1.9 m (D) and river velocity of 1.5 m/s (V), as seen
in Eq. (2).

R _v*D
=y

(1)

The construction of 3D CAD model of the turbine was
performed through the Space Claim module of ANSY'S model,
and detailed information may be seen in Figure 1.
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Figure 1. Geometry specifications and main features of the
turbine’s 3D CAD model: A) inlet diameter, B) outlet
diameter, C) blade length, D) Blade tip edge distance, E) base
length

The rotational velocity (@) of the turbine’s blades was

retrieved from the equation of Tip speed radio (TSR)= R;“’,
where w is in rad/s, V is the inlet velocity (m/s) and R the
turbine radius (m). The TSR was calculated from the equation

for optimal conditions [46]:

4x1
TSRoptimal =

2)

n

The calculated TSRoptimar is 4.19, which was adjusted to 3.6
as Hossam et al. recommended [47]. In this sense, the blades
rotational velocity (w) of turbine was 2.51 rad/s.

The Design of Experiments (DOE) considered the ANOVA
factorial analysis method to generate statistical information for
the further evaluation of the turbine. The design of
experiments (DOE) is a planned strategy of measurements and
observations integrated by MC, that evaluate independent
variables to obtain a response from dependent variables. The
factorial ANOVA considers that independent variables affect
a dependent variable. The selected factors comprise two or
three levels (low, mid and high), which are the minimum,
mean and maximum values of the independent variable. The
ANOVA uses the results of each MC to determine the main
effect and the interaction effects of the factors (independent
variables) over the responses (dependent variables).
Considering the analyzed design parameters of HT in the
literature, this study configured a 22 factorial design with 9 MC,
being outlet diameter and blade tip edge distance the factors,
and the responses are the shaft pressure, blade tip pressure,



pressure over diffuser and downstream velocity the responses;
detailed specifications of the design are shown in the results of

Table 2.

Table 2. DOE ANOVA factorial design with the operational
conditions of the optimization experiment

Factors (Independent

Responses (Dependent variables)

variables)

5 £ &z . e 83 2
IS D = 2o oo o o S E

g0 S 28 w38 €8 e2& 53
=2 =% 55 RBEg 28 33 :£%
g £ 2z wm8% 5% g2 23
s 3 m©° 7} o % og
1 3.20 0.13 55,630.60 4,665.25 487.45 1.47
2 3.20 0.09 35,125.40 4,88159 523.08 1.51
3 3.20 0.04  40,703.70 5,552.45 548.62 1.42
4 2.50 0.13  43,483.40 4,806.94 30258 1.02
5 2.50 0.04 38,950.60 4,21552 390.53 1.14
6 2.50 0.09 33159.20 4356.53 32991 1.12
7 2.20 0.13 36991.80 445854 124.40 0.87
8 2.20 0.09 23922.30 5154.08 226.84 0.77
9 2.20 0.04 38502.20 4137.18 226.67 0.94

The DOE-ANOVA provides the standardized effects of
factor over the responses. In this sense, the Eq. (3) is utilized
to forecast variables through an ANOVA standardized effect
model:

a i O

where, y=dependent variable, u=Mean of dependent variable,
ai=first order effects, fi=second order effects, di=interactions
among effects and X;=normalized factor. The X; is calculated

through Eq. (4), where the x is the independent variable (factor)
and a, b are the normalized limits -1 and 1 respectively.

% —a+ [x — min(x)]- (b —a)

(4)

max(x) — min (x)

3. RESULTS AND DISCUSSION

The results of the 9 MC of the DOE-ANOVA (Table 2)
showed the minimum and maximum values of the
hydrodynamics and mechanics parameters retrieved from the
simulation of the turbine through the CFD model. The highest
downstream velocity, which could erode the bottom floor of
the structure foundation, was 1.51 m/s reported in the MC 2.

In Figure 2 the numerical results of MC 3 of are shown,
pointing the fluid hydrodynamics, rotation field of blades and
the maximum hydrodynamic pressure over the structure seen
in Table 2. The velocity vectors (Figure 2a) showed
magnitudes between 1 m/s (leeward area) to 5.48 m/s
(rotational field). The lateral view of the CFD result (Figure 2
b, c) depicted the increment of flow velocity (3.5 m/s) in the
lower zone of the downstream area, nearby the exit diameter
of the turbine, and a flow velocity of 1.42 m/s close to the
bottom (downstream velocity). The maximum Blade tip
pressure was reported by the MC 1, however, the MC 3
showed the highest shaft pressure and the pressure over
diffuser of 5,552.45 Pa and 548.62 Pa respectively (Figure 2d),
which are considered critical for the stability of the turbines
support structure. Accordingly, the MC 7 of the DOE-
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ANOVA (Table 2) may be considered as a proper design for
the further optimization, because it reported the lowest
pressure and a second lowest downstream velocity.
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Figure 2. CFD results of MC 3 according to the DOE-
ANOVA design

To identify the effects of factors over the responses of all 9



operational conditions, the DOE results were assessed through
standardized pareto charts and main effects plot derived from
the ANOVA analysis (Figures 3-6). The Blade tip pressure
response showed a statistical significance (p-value<0.005),
evidencing that outlet diameter (factor) increases the pressure
at the tip of the blade (response). The blade tip edge distance
factor showed a concave effect over blade tip pressure, then,
the inflexion point of concave curve was selected as the most
optimal distance from the tip to the edge of the turbine (0.09
m) (Figure 3).

Figure 3. Blade tip pressure experiment analysis

The DOE-ANOVA results seen in the standardized pareto
diagram of Shaft pressure showed that vertical blue line did
not cut any factor nor combination (A, BB, AA, BB, AB), then,
there is not a statistical evidenced (p-value > 0.005) that the
factor (Outlet diameter, Blade tip edge distance) affected the
Shaft pressure (response). As a result, this response will be
omitted for the further optimization process.

Stnbedved purd diagra o i prvare (asal) M effects it foeshaft pressure (paseal)

Figure 4. Analysis of the Shaft pressure response

The Pressure over diffuser pointed a statistical significance
of p-value < 0.005, because vertical blue line cut the factors
Outlet diameter (A) and Blade tip edge distance (B),
evidencing that these 2 factors influenced the Pressure over
diffuser response (Figure 5). The main effect plot noticed that
the larger the outlet diameter, the higher the pressure over the
diffuser. Also, the increment of blade tip edge distance (factor)
reduces the pressure over diffuser (response), then, a 0.134 m
value for this factor is considered optimal because the lowest
pressure of the response.

Stndselized arco digram fo prosire e diffiser (pasca)

A: Outer e , 600

1 Blade tp edge 500
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AB 200
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Figure 5. Analysis of the pressure over diffuser response

The Figure 6 suggested with statistical significance that the

outlet diameter (factor) affects the downstream velocity
(response) because the vertical blue line of the standardized
pareto diagram only cut this parameter (A). The main effect
plots showed a direct effect of the factor, where the bigger is
the outlet diameter, the higher is the downstream velocity.
Despite of the factor Blade tip edge distance did not show
statistical significance, it affected negatively to downstream
velocity, what means that the increment of this parameter
could reduce the downstream velocity.

Main effects plot for Downstream velocity
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Figure 6. Analysis of the downstream velocity response

After the DOE-ANOVA analysis, the results of all MC were
selected for calculating parameterized equations to optimize
the turbine through the ANOVA standardized effect method.
As a result, the Table 3 gathers the estimated effects of the 2
factors (Outlet diameter, Blade tip edge distance) that
influenced the 3 main responses (Blade tip pressure, for
pressure over diffuser, Downstream velocity).

Table 3. Estimated effects from the DOE ANOVA factorial
design

Estimated effects for Blade tip Estimate Standard VIE

pressure (Pa) Error

Average (1) 32821.2 1876.69
A: Outlet diameter 10384.0 1772.27 1.05538
B: Blade tip Edge distance (m) 7052.7  1792.73 1.02943
AA -5209.43 3746.89 1.05333

AB 8022.0 210852 1.02737
BB 24247.0 3111.39 1.00412
Estimated ef_fects for pressure Estimate Standard VIE
over diffuser (Pa) Error
Average (1) 429.65  20.3508
A: Outlet diameter 326.37  19.2184 1.05538
B: Blade tip Edge distance (m) -81.26  19.4403 1.02943
AA -119.64  40.6312 1.05333
AB 19.01 22.8648 1.02737
BB -36.22  33.7399 1.00412
Estimated effects for . Standard
- Estimate V.I.F.
Downstream velocity (m/s) Error
Average (1) 1.23 0.0624161
A: Outlet diameter 0.60 0.058943 1.05538
B: Blade tip Edge distance (m) -0.04  0.0596235 1.02943
AA -0.13  0.124616 1.05333
AB 0.08 0.0701264 1.02737

BB 0.01 0.10348 1.00412

Standard errors are based on total error with 3 d.f.
From the DOE-ANOVA results, 3 ANOVA standardized
effect models where build using the effects of Table 3:

10384.0

2
—5209.43 &5 2 8022.0

Blade tip pressure (Pa) = 32821.2 +
o | 70527 &

XA + P 'XB + 2 XA 2 (5)
o o 242470 o5 2
XAXB P 'XB



326.37
2

pressure over dif fuser (Pa) = 429.65 +

XAA + —8;.26 i )’(\B + —119.64 i XAAZ + 19;)1 . )'(\A)'(\B —32.22 i (6)
)’(\BZ
Downstream velocity (?) =123+ O'zﬂ X+ o
_ R _ R A ~ 7
02.04_XB+ 02.13.XA2 +¥'XAXB%'XBZ

The linear regression analysis eased the formulation of 3
models for the HT optimization, where Btp means Blade tip
pressure, Pdf is the Pressure over diffuser, Dv is Downstream
velocity, @out means Outlet diameter and Bdis means Blade
tip edge distance:

Btp = 6690.67 + 10127.2 - @ out + 56664.3 -

Bdis ®)

Pdf = —393.596 + 314.357 - out — 916.411 - ©)
Bdis

Dv = —0.361672 + 0.590534 - out — 0.529294 - (10)

Bdis

In this sense, from the CFD results the multiple regression,
considering a p-value < 0.005, identified a suitable equation
for the turbine optimization. Then, the independent variables
of both parameterized equations (ANOVA, Multiple
regression) were evaluated using the experimental conditions
of the DOE. To identify which equation fit better to the
experimental results, the RMSE and the R? parameters were
calculated, where RMSE present the capability of each
equation to simulate the CFD results, and the R? verifies is
CFD results is correlated with the results of the Multiple
Regression or ANOVA equations, The statistical results of the
estimated effects from the DOE ANOVA factorial design are
shown (Table 3).

To compare the performance of the ANOVA and Multiple
regression methods against the CFD results, the 6 statistical
equations E.C (5-10) where evaluated, which consider the
experimental conditions of the 9 MC s of the experiment
(Table 2). In Figure 7 are shown the results of the 3 main
responses modelled through statistical equations and their
comparison against the CFD results. The Blade tip pressure
results showed a high similarity between ANOVA and CFD
models, where the lowest pressure of 23922 Pa occurred in the
MC 8. The numerical results of Pressure over diffuser were
similar among the three models, being the MC 7 the
experimental condition with the lowest pressure 124.41 Pa.
The modelled downstream velocity pointed similarity in the
numerical results of ANOVA, linear regression and CFD
models, being the MC 7 the case with the lowest fluid velocity
nearby the bottom. According to the numerical results, the MC
7 is considered an optimal experimental condition because of
the lowest pressure over the turbine and the lowest
downstream velocity.

The performance of ANOVA and Multiple regression
equations (MR) simulating the CFD numerical results was
quantitative evaluated thorough linear correlations (R?) and
root mean squared errors (RMSE) listed in Table 4. The
statistical results of Blade tip pressure showed that R?
validated a high positive linear correlation (0.9756) between
ANOVA and CFD, and the limitation of Multiple regression
(MR) equations due to their low correlation of 0.3481 when
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comparing their results against the CFD results. Also, the
ANOVA’s RMSE of each MC where significant lower
compared to the MR results, where the ANOVA’s MC 9
pointed the lowest value of 289.87 Pa.

=

60000.0

20000.0

©
o
-
B

Blade tip pressure

=

500.0

300.0

100.0

Pressure over

e ANOVA  =—=—Multiple regression CFD

Figure 7. Comparison of CFD results against ANOVA and
Multiple regression modelled results

The Pressure over diffuser results showed a high correlation
(R? > 0.95) of ANOVA and MR results when compared
against the CFD data (Table 4). The ANOVA’s RMSE of this
response where lower than MR, being the MC 9 the case with
the lowest value (4 Pa).

The statistical results for downstream velocity evidenced
that ANOVA and MR simulated properly the CFD data
because their R? > 0.95 and the low RMSE. Hence, the
ANOVA equation for downstream velocity E.C (7)
outperformed the MR Eqg. (10). The low quality of numerical
results derived from MR equation in Figure 7(a) could have
been due to the restrictions that MR methods face when the
order of magnitude increase within the experimental results.
However, that assumption could be validated in further
experiments testing the capability of MR methods and DOE-
ANOVA standardized effect models to simulate the expected
results with several ranges and order of magnitude of the
response variables.

According to the results mentioned above, the graphs and
tables evidenced that ANOVA equations simulated
successfully the CFD data. In this sense, was overserved that
ANOVA method outperformed the MR method due to the
statistical results, where the MR equation of blade tip pressure
E.C (8) could not simulate (R?< 0.3481) the CFD results.

Bouvant et al. [39] performed a DOE-ANOVA to optimize
an Archimedes screw turbine using Multiple Regression
models (MR) fitting CFD results till finding the best
operational conditions. Despite the authors used the
advantages of applying ANOVA, they did not formulate
optimization equations from the standardized effects, hence
they constructed a large second-order regression model with
15 terms, equation that could have been simpler if using
ANOVA standardized effect models as we did.

The use of DOE-ANOVA for similar applications is
documented in other areas as Oceanography, Ocean
Engineering [48-51] and engineering materials [52].
Derschum et al. [53] configured a DOE to examine the effect
debris impact over a marine vertical structure under extreme
hydrodynamic conditions, and the one-way analysis of



variance (ANOVA) determined that there was a significant
difference in the mean impact obliqueness between
experimental conditions. The studies reviewed in the
introduction section about CFD analysis of HT, showed
similar hydrodynamic results to this study, which pointed fluid
velocities between 0.5 m/sto 2 m/s.

Authors like Fragasso et al. [54] used the DOE-ANOVA
method (23 factorial design) to provide a methodology for
predicting the reduction of vibration levels generated by a
marine Diesel engine and transferred to the ship structure. That
study normalized the independent variables and used the
standardized effects provided by the DOE-ANOVA to
construct a standardized effect model similar to this study. The
difference between that study to this research is that Fragasso
et al. [54] used experimental data to validate the ANOVA
model through a residual analysis, and our study used CFD
results to compare the performance of ANOVA standardized
effect and Multiple regression models for optimization. In
addition, this study goes further than Fragasso et al. [54] study
because we analyze the effect of factors over the responses

through pareto diagrams and main effect plots, which is
fundamental for understanding the non-linear behavior of
model design parameters.

According to the DOE-ANOVA results of this study, the
outlet diameter of the HT has a positive standardized effect
over the design parameters, hence, as the outlet diameters
increases, the hydrodynamic pressure over the HT and the
downstream velocity rises, Also, the reduction of the blade tip
edge distance of HT provokes and increment over the HT
responses (Figure 3 to Figure 6). The performance assessment
of the ANOVA and Multiple regression models, through their
comparison against the CFD results (Figure 7), revealed that
ANOVA model outperformed the Multiple regression model
during each MC of the experimental conditions set by the DOE
(Table 2). In this sense, the DOE-ANOVA method not only
provided information about how the factors (Outlet diameter,
Blade tip edge distance) affected the responses (Blade tip
pressure, Shaft pressure, Pressure over diffuser, Downstream
velocity), but also allowed the construction of standardized
effect models for future optimization process of the HT.

Table 4. Performance of ANOVA and Multiple regression models for simulating the CFD numerical results

Blade tip pressure

Pressure over diffuser

Downstream velocity

ANOVA Multiple regression ANOVA Multiple regression ANOVA Multiple regression
MC RMSE(Pa) R2 RMSE(Pa) R?2 RMSE(Pa) R?2 RMSE(Pa) R? RMSE(m/s) R? RMSE(m/s) R?
1 1251.96 6470.70 13.58 28.81 0.04 0.06
2 1237.91 5743.67 13.52 28.82 0.04 0.05
3 1163.24 4835.53 13.36 28.79 0.04 0.05
4 1138.98 4826.47 13.33 27.71 0.04 0.05
5 1099.69 0.9756 4649.80 0.3481 12.88 0.9905 25.42 0.957 0.03 0.9732 0.05 0.9514
6 965.63 4407.00 12.49 21.93 0.03 0.05
7 505.44 4181.40 10.62 20.45 0.03 0.06
8 493.44 4178.96 9.54 11.48 0.03 0.06
9 289.87 2346.15 4.00 10.33 0.01 0.06

4. CONCLUSIONS

This research configured a Design of Experiment (DOE) -
ANOVA combined with Computational Fluid Dynamics
(CFD) modelling for the optimization of a HT. The CFD
results reported velocities up to 5.48 m/s in the rotational field
nearby the rotor blades, and velocities about 3.5 m/s in the
lower zone of the downstream area (outlet diameter). The HT
Blade tip revealed hydrodynamic pressures in the range of
23,922.30 Pa and 55,630.60 Pa, and the maximum Shaft
pressure and Pressure over diffuser were 5,552.45 Pa and
548.62 Pa respectively. The MC 7 of the DOE with an outlet
diameter of 2.20 m and Blade tip edge distance of 0.13 m meet
the requirements for optimal design of the HT, that considers
the lowest hydrodynamic pressures and downstream velocity.
In this sense, MC 7 can be selected for the initial shape of the
HT model for future optimization processes.

The standardized pareto diagrams evidenced that there was
not statistical evidence that Shaft pressure (response) was
affected by varying the outlet diameter and blade tip edge
distance (factors). As a result, the shaft pressure was not
included for the construction of the ANOVA and Multiple
regression parameterized equations. Six modelling equations
were obtained for the blade tip pressure, pressure over diffuser
and downstream velocity dependent variables. The statistical
analysis evidenced that ANOVA equations outperformed the
Multiple regression equations when simulating the CFD
results of the 9 MC of DOE; the Multiple regression equations
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showed low precision when modelling the MC 1, 2, 4, 5, 6, 8,
9 what provoke a total low R?of 0.3481.

This research conclude that DOE-ANOVA method is an
effective strategy to understanding the effect of varying design
parameters over hydraulic and mechanical properties of HT,
which provide deterministic equations that may reduce CFD
runs in future optimization processes. As future research this
work recommends using experimental data for validating the
CFD results what will improve the performance of the
ANOVA parameterized equations.
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