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ABSTRACT

The simulation of automotive wind tunnel flow around a vehicle typically relies
on the use of simplified models due to the complex, and often proprietary geometries
of real test configurations. Current simplified models achieve a low computational
cost in computational fluid dynamics (CFD) but fall short at qualitatively capturing
a modern vehicle’s complex geometry due to being overly abstract; other models
are more accurate but offer only discrete dimensional configurations. The first part
of this thesis describes new parametric models for both vehicles and open-jet wind
tunnels which aim to represent widely varying geometries through continuous
dimensional variability, while remaining simple enough to be usable in modern CFD
codes. The models are built in SALOME, an open-source CAD package. The
parametric vehicle model is defined by nine independent parameters, which are
readily available for most production vehicles, and can accommodate vehicle shapes
ranging from sedans to minivans. The parametric tunnel model is defined by twelve
independent parameters. Both models are shown to closely represent the geometry
of real vehicles and industrial facilities. The vehicle model is demonstrated to be
able to predict the drag coefficient of its representative detailed model with near
100% accuracy. The second part of this thesis employs the new models in a
computational parametric study of vehicle and wind tunnel geometries with the goal
of introducing a CFD driven wind tunnel correction methodology to improve upon
the current state-of-the-art wind tunnel corrections. An empirical correction function
which describes the expected difference between open road and wind tunnel drag
coefficient measurements was built from the results of the parametric study. This
new function, when applied to an experimental data set of 5 vehicles in 2 wind
tunnels, showed a reduction in the average difference for the corrected drag
coefficient measured for the same vehicle in different wind tunnels from
0.0081+0.0137 with current methods to 0.0069+0.0043 — a 15% decrease to the

average, and a 69% decrease to the standard deviation.
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CHAPTER 1
INTRODUCTION

In this thesis, new parametric models for vehicles and wind tunnels are
introduced and applied in a computational study for wind tunnel drag coefficient
correction. Existing vehicle models fill needs that are on opposite ends of the
geometric spectrum: complex models yield realistic flow behaviour but have little
dimensional variability (if any) whereas canonical bluff bodies such as the SAE
body or Ahmed body [1] provide dimensional variability but capture few of the
important parts of real vehicles necessary for accuracy. Therefore, a gap exists

between these extremes, which is filled by the new models presented.

With these new models, it is possible to explore the effects of geometric
configuration on the drag measured in a wind tunnel. Drag is a crucial element for
automotive design due to its impact on fuel efficiency. Having the ability to
accurately measure drag means that the impact of small design changes can be
quantified and factored into energy consumption estimates to gain a competitive
edge. Current wind tunnel corrections provide a wide margin of error, with an
average 6% difference being found in the corrected drag coefficients of the same

vehicle measured in different wind tunnel facilities.

1.1 Objectives
This thesis can be broken into two objectives:

Objective 1. Develop new simplified models for vehicles and open-jet wind
tunnels capable of producing realistic drag coefficients while maintaining full

dimensional variability.

Objective 2. Introduce a new wind tunnel correction methodology based on
simulations of simplified models that decreases the average difference in corrected
drag coefficient for the same vehicle that has been measured in different wind

tunnels.

1.2 Thesis Outline and Overview of Contributions

This thesis is comprised of two papers, each of which is a chapter of this thesis:



e Chapter 2: Parametrically variable generic models of passenger
vehicles and open-jet wind tunnels
This first paper focuses on the creation of the new parametric vehicle and
wind tunnel models. The models are built in Salome [2], an open-source
CAD package, with the intention of providing a tool that is in reach for
all possible users. The vehicle model is based on 9 independent
parameters, all of which are in general publicly available for most
vehicles. The wind tunnel model is based on 12 independent parameters.
The models are shown in the paper to closely reproduce the geometries
of industrial facilities and production vehicles respectively.
Computational fluid dynamics (CFD) simulations were performed using
OpenFOAM v2206 [3] on a detailed and simplified minivan to compare
the measured aerodynamic drag. The simplified model demonstrated a
drag coefficient offset relative to the detailed that linearly correlated with
the measured simplified drag coefficient, meaning that it could be used
to predict the detailed coefficient with near 100% accuracy.

e Chapter 3: Automotive open-jet wind tunnel drag correction using
computational fluid dynamics
In the second paper, we present a new correction methodology that
replaces the current state-of-the-art corrections. The new method is based
on the difference between the drag measured on the open road and that
measured in a wind tunnel. This difference is achieved through
simulation, using OpenFOAM [3], of the vehicle and wind tunnel models
introduced in Chapter 2. An empirical correction function is built based
on the results of a parametric study of these differences for a wide variety
of vehicle and tunnel configurations found in industry. The key outcome
is that this correction demonstrated a reduction in the differences between

corrected drag coefficients of the experimental data available.

The final Chapter 4 adds concluding remarks regarding results and potential
future work that should be completed to further strengthen the findings outlined and

advance the contributions.
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CHAPTER 2
PARAMETRICALLY VARIABLE GENERIC MODELS OF
PASSENGER VEHICLES AND OPEN-JET WIND TUNNELS

2.1 Introduction

Computational automotive aerodynamic studies are commonly based on
simplified aerodynamic bodies, such as the Ahmed Body or the SAE Body [1].
These canonical bluff bodies have simple enough shapes to be parametrically
variable, while still retaining some of the more important features relevant to
automobiles. These models capture flow features representative of those found at
the rear of most passenger vehicles [2, 3, 4], but do not accurately represent full
vehicles. Conversely, full production vehicle models used to accurately measure
drag often include many small details which are challenging to include in
computational fluid dynamics (CFD). For example, under-body and under-hood
flow modelling often requires vast amounts of computational resources to achieve
valuable results on their own [5, 6]. Pairing this with high quality external flow
modelling pushes these resource requirements out of the practical range for many
applications [7]. Additionally, using specific vehicle geometry normally implies the
use of proprietary details limiting reproducibility and rendering findings difficult to
generalize. This issue was tackled by the Technical University of Munich with the
design of the DrivAer model [1]. Including details such as the mirrors, wheel wells,
and engine bay, this model narrowed the gap between simplified models and highly
complex production vehicles. Though realistic, without the ability to change
dimensions and geometric parameters, this model cannot be generalized. Though
several variations exist (sedan, hatchback, and notchback), the configurations are
discrete. Studies that aim to identify the effects of high-level design changes, such
as a change in length, are unable to employ such a discrete model. Therefore, there
is a need to create simplified vehicle models with parametric dimensional
variability, to qualitatively capture a modern vehicle’s complex geometry, while still

maintaining a sufficiently simplified shape for practical computational cost in CFD.



The same can be said about models of automotive wind tunnels. As there is no
way to measure a vehicle’s drag accurately in an on-road driving setting, wind
tunnels are used for this purpose. An open-jet tunnel, as compared to a closed-jet
tunnel, is often used in the automotive industry. Both configurations are depicted in
Figure 2.1. The open-jet tunnel features a nozzle exiting into a large test section
where the collector guides the flow into the diffuser. The closed-jet tunnel also
features a nozzle and diffuser but has a constant cross sectional area test section,
equal to the nozzle exit area. The purpose of having an open test section within the
open-jet tunnel is to reduce wall effects on the flow stream [8]. Generating the same
reduction in a closed-jet tunnel would require a much larger test section, and
consequentially a much larger nozzle and diffuser, increasing the building footprint
(and cost) of the tunnel.

Test Section

Nozzle
Diffuser

N\ Test Vehicle ey
mp — = - =)
[ -
4/- Collector

Nozzle .
Diffuser
N Test Section
)y = = =)
/7 Test Vehicle \

Figure 2.1: Top-down view comparison between an open-jet wind tunnel (top), and a

closed-jet wind tunnel (bottom)

The openness of the walls causes a shear layer between the fast-moving air
exiting the nozzle and the stagnant air in the test section. It is necessary to capture
this in simulations as they affect the aerodynamic measurements of the test vehicle.
Employing a simplified model that describes the general shape of the tunnel allows
these flow fundamentals to be captured well enough to accurately portray the flow
environment around the test vehicle. Each wind tunnel in the real world has slightly

5



different dimensions. Quantifying the effects of differences in these dimensions
requires this model to be parametrically variable as well to be able to adapt and

represent the wide range of configurations.

In this paper, we describe new parametric models for vehicles and open-jet wind
tunnels, intended to fill the gap that exists between the simple canonical models and
the complex DriveAer model in regard to accurate vehicle drag measurement. These
models will emulate the major flow features that exist in their detailed counterparts.
These models can be used separately (to assess open-road vehicle drag
computationally and/or for wind tunnel design) or together (to create arbitrary
vehicle and wind tunnel models for assessing the impact of tunnel geometry on drag
measurements). The tunnel model is shown to be able to geometrically represent real
industrial wind tunnels. The vehicle model is shown to be capable of closely
representing a variety of types and sizes of vehicles, with good agreement to actual
vehicle geometries. Sedans, hatchbacks, vans, and sport utility vehicles (SUVs) can
all be generated using the model. The models are implemented in the open-source
CAD package SALOME [9] and are available from the authors upon request. We
aim to describe the models with enough detail in this paper so that, if necessary,
interested users could implement an equivalent version in a different software
package. The simplifications to the models make them suitable for studying the
impact of geometry changes in a parametric manner, though they are not intended

to be of sufficient fidelity to make design decisions for production vehicles.

The remainder of this paper is organized as follows. We first describe the
parametric tunnel model and show its ability to closely match the geometry of two
industrial facilities. Next, we describe the parametric vehicle model and show its
ability to closely reproduce the geometry of several production vehicles.
Additionally, simulations were performed using OpenFOAM v2206 [10], an open-
source CFD software, to show a comparison of the aerodynamic drag measured
between detailed and simplified vehicle models for a minivan application. It is found
that the simple parametric model does not provide adequate absolute drag values,
but rather provides a drag coefficient that is consistently offset from the detailed

model in all relevant domains. This offset demonstrates the comparability of the
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surrounding flow fields, with a minor uncertainty of 73 drag counts (0.0001 =1 drag
count) due to the limitations of the model and level of CFD fidelity employed. We

conclude by discussing anticipated future uses of these models.

2.2 Parametric Tunnel Model

The open-jet wind tunnel model described here focuses on the flow in the test
section, as its intended use is in CFD. It does not include components far from the

test section like turning vanes and fans.

2.2.1 Parametric Model Details

The part of an open-jet wind tunnel that directly affects the flow around a test
vehicle can be split into four main parts: a nozzle, test section, collector, and diffuser.
The proximity of each of these elements to the test vehicle has an effect on the flow
around it, and subsequently an effect on the aerodynamic measurements. For
example, the contraction of flow downstream of the vehicle into the collector can
affect the behavior of the vehicle’s wake, a main source of aerodynamic drag [11].
The wake is shown to contribute around 30% of the total pressure drag experienced
by a passenger vehicle. [12]. Therefore, these are the key elements necessary to
include in the simplified model. Additionally, the placement of the vehicle fore/aft
within the test section is also a necessary parameter when the tunnel is used in

combination with a vehicle model.

Minimizing the number of parameters needed to describe the model is a careful
balance between simplicity and the desired application range. Our model is specified

by:

o Test Section: length (L), width (W), height (H)

o Nozzle: exit width (Whn), exit height (Hn), depth into test section (Dn)

« Collector: exit width (Wc), exit height (Hc), depth into test section (Dc),
angle (a)

« Diffuser angle ()

e Vehicle placement (x), x=0 being the center of the test section.



H 90-a 14 90-B

L at
w H)c
Dn
[w [

Figure 2.2: Locations of dimensions needed to define the parametric open-jet wind

tunnel. Top: side view; bottom: top view.

All of the eleven listed parameters, shown in Figure 2.2, are independent of one
another and can therefore be modified separately. Of the linear dimensions, only the
length is specified directly; all other parameters are nondimensionalized with respect
to the test section length. Based on observations from real open-jet tunnels used in
the automotive industry, many other dimensions and details are specified via fixed

ratios relative to the test section length. These include the following:

e Radii of fillets added to sharp edges

e Nozzle profile

e Thicknesses of walls protruding into the test section (nozzle and collector)
e Length upstream of the nozzle

e Length downstream of the diffuser

An additional nozzle with a constant aspect ratio and profile was also added to

the downstream exit to improve flow uniformity at the outflow boundary. The few



remaining parameters are held constant for the sake of model simplicity. These
include the nozzle area contraction ratio and the diffuser area expansion ratio, which
are set to 5.53 and 1.54 respectively, based on real wind tunnel dimensions. These
fixed ratio and constant parameters are all described in Appendix A. Practical ranges
of the user-defined parameters are listed in Table 1. Note that the test section length

does not have a practical range as it scales the entire model.

Table 1: Practical ranges for the independent parameters within the wind tunnel model

Part Symbol Minimum Maximum

L - N
Test Section W/L 0.3 1
H/L 0.3 1

Wy/L 0.1 0.7

Nozzle Hy/L 0.1 0.7

Dy/L 0.05 0.5

W/L 0.1 0.7

H./L 0.1 0.7

Collector Do/L o1 0.5

a 5° 45°

Diffuser B 1° 5°

Vehicle Center

relative to center X _TL %

of test section

2.2.2 Comparison of the Model to Real-World Geometry

The intended capability of this model is to be able to replicate the overall shape
of actual open-jet wind tunnels used in the automotive industry. Figure 2.3 compares
the outline of a real automotive wind tunnel (black) [13] to the adapted generic wind

tunnel model (red).



Figure 2.3: Outline of the equivalent parametric wind tunnel model (red) overlayed

with the outline of the real wind tunnel (black) [13]. Top: side view; bottom: top view.

It is clear that the shape of the real wind tunnel is captured by the model. The
profiles of the nozzle and collector, as well as the nozzle exit and collector entrance
points, are nearly identical to the real tunnel. However, the model can be seen to
simplify regions like the corners of the collector, which have a slightly more
complex configuration in the real tunnel. Also, additional parts like the vents on the

right side of the figure are omitted for simplicity.

2.3 Parametric Vehicle Model

The parametric model described here is designed to model vehicles with
enclosed trunks, like sedans, hatchbacks, and minivans. It is not able to model

pickup trucks due to the way the trunk parameter is defined.
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2.3.1 Parametric Model Details

From a design standpoint, the external shape of typical production vehicles can

be notionally broken down into a few parts:

Hood/engine area
Passenger area
Trunk area
Wheels/wheel wells
Mirrors

Underbody details

To simplify a vehicle model enough to allow for parameterization, the value and
scope of the representation of each of these parts must be scrutinized. The baseline
is set by the existing canonical models, like the SAE or Ahmed body [1], from which
the complexity can be increased. In the interest of future users, the usable parameters
are based on dimensions typically used to describe a vehicle in high-level
specifications. This allows potential users to gather publicly available data to

emulate a particular vehicle.

This limited number of available dimensions sets a ceiling for the possible
complexity of the model. Underbody details are far too advanced for these, so the
model employs a simple flat bottom. Cracks, in-sets (like windows), and ducts are
also excluded for the same reason. A rudimentary representation of side mirrors is
included; however, it can be toggled on or off depending on whether they are desired

for a particular use.

To further minimize the number of dimensions necessary to describe the vehicle,
some parts of the model, such as the height and curvature of the hood, are set using
fixed non-dimensional parameters (relative to vehicle length). These are described

in Appendix B.
Nine parameters are used to define the model, as follows:

Length (1)

Width (w)

Height (h)

Internal volume, passenger compartment and trunk (v)
Front Overhang (or)

Rear Overhang (or)

11



e Front wheel well height (hr)
e Rear wheel well height (hy)
e Ride height (1)
When implemented into the model, the vehicle length is the only direct

parameter; all other parameters are nondimensionalized with respect to the length.

Locations of these parameters (except the internal volume) are found in Figure 2.4.

A

h
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U

Figure 2.4: Locations of each dimension needed to define the parametric vehicle

model. Top: side view; bottom: top view.

When comparing different production vehicles, the most variable part of the
vehicle is the trunk volume, accommodating a wide variety of vehicle shapes
ranging from sedans to minivans. Unlike the hood shape, which stays relatively
consistent between vehicles, two vehicles with nearly the same dimensions

(excluding the volume), can look completely different towards the rear. This is

12



evident in specific vehicles that have both a sedan and hatchback version, as seen in

the comparison in Figure 2.5.

Figure 2.5: Trunk shape difference between Chevrolet Cruze hatchback (red) versus
sedan (black) [14]

Although specified as a fixed nondimensional parameter, the parameter s,
governing the model’s trunk shape required careful consideration due to its strong
effect on the shape of the model. The implementation of this parameter is shown in
Figure 2.6, which describes the sketch of the trunk shape. The curve is created using
a b-spline with control points shown as red dots [15]. By manipulating the input
parameters, upon which parameter s is based, we manipulate the location of these

points, changing the shape of the curve to emulate a different trunk shape.
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a6 .

Figure 2.6: Non-dimensional trunk shape factor, s , implemented into the generic

vehicle model.

By assessing several representative vehicles, a reasonable estimate of the non-

dimensional size of the trunk is

1,v
t=7 (ﬁ + h) (1

An estimated non-dimensional trunk shape factor, s, was attributed to each of
these representative vehicles so as to generate models with closely matching side
profiles to the production vehicles. A linear fit could then be extracted based on
these estimated shape factors. This data is shown in Figure 2.7. The resulting
regression has a coefficient of determination, R’ of 0.75317. Although this is a
somewhat low correlation, the qualitative comparisons between the production and
generic models in the next section show that this fit is sufficient for the intended

applications of the model. The line in Figure 2.7 is
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Figure 2.7: Estimated values for the non-dimensional trunk shape factor (s) plotted
against the characteristic size of the trunk (t) of production vehicles. The linear fit defines

the fixed trunk shape factor within the model.

Table 2 defines the practical ranges for each of the non-dimensional input
parameters. Note that since the value of the length scales the model, it does not have
a limited range. These values are influenced by the limitations of the model as well

as typical values for production vehicles.

Table 2: Practical ranges for the independent parameters within the vehicle model

Symbol Minimum Maximum
l — _
w/l 0.35 0.45
h/1 0.28 0.42
v/13 0.03 0.045
op/1 0.15 0.25
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or/1 0.15 0.25

he/l 0.14 0.18
hg/l 0.14 0.18
r/l 0.02 0.05

A spoiler is added to the generic vehicle model to accurately set the separation
point at the rear of the vehicle, as is common practice with most modern vehicles.
The placement is based on the angle of the curvature of the trunk area, with size
scaled to the vehicle’s size. However, this placement is not always the case with all
vehicles. When modelling a sedan, the spoiler is normally located at the rear of the
trunk, rather than at the rear-window as seen in Figure 2.8a. An additional spoiler,
shown in Figure 2.8b, was designed to accommodate this feature, automatically

toggling when a sedan is detected (7<0.62).

b)

Figure 2.8: Spoiler modelling for sedans. a) improper placement based on trunk

curvature, b) sharp edge moved to rear of trunk with ¢ < 0.62

2.3.2 Comparison of the Model to Real-World Geometry

Figure 2.9 shows qualitative profile comparisons between a range of different

vehicle types and their corresponding representation by the parametric vehicle
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model (in blue). In 9a) and b), the production vehicle is represented by a black
outline, while the others are 3-D models. Note that the 9a) and 9b) outlines are based
on photographs, which do not capture the true parallel projections of the vehicles.
This was attempted to be accounted for through a non-parallel perspective of the
parametric model. The reference dimensions for each modelled vehicle can be found

in Appendix C.

g) h)

Figure 2.9: Qualitative profile comparison of vehicle model (blue) versus production

vehicles. a) Chrysler 200 [16] side outline, b) Alfa Romeo Giulietta [17] side outline, c)

17



DriveAer model [1] side, d) Chrysler Pacifica side, ) DriveAer model [1] top, f) Chrysler
Pacifica top, g) DriveAer model [1] front, h) Chrysler Pacifica front

It is clear that this model is able to capture much of the shape of modern vehicles,
while maintaining a simplified geometry. The shape of the trunk and placement of
the spoiler separation point is fairly close to those on the production vehicle. Some
clear sacrifices have been made through the use of the fixed non-dimensional
parameters. Notable inconsistencies include: the windshield curvature, the rear
bottom curvature in a), the rear curvatures in e) and f), and the pillar curvatures in
g) and h). Through the addition of a few specific dimensions to the model, fixed
parameters can be changed to suit individual vehicle shapes and these problem areas
can be mitigated. Additionally, the fixed parameters could be manually changed at
the user’s discretion to achieve a closer model. Overall, given the simplicity of the

model, the general shapes of the vehicles are being captured well.

2.4 Comparison of CFD Simulations Between Parametric Models and

Production Vehicle Geometry

Flow over models of a production minivan (with smoothed surfaces) and its
corresponding simplified parametric representation (reference dimensions found in
Appendix C) are simulated using OpenFOAM v2206 [10] to assess the
comparability of the computed aecrodynamic drag coefficient as well as the structure
of the flow around the vehicle. The axis orientation is displayed for reference in

Figure 2.10.
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Figure 2.10: Axis orientation

2.4.1 Computational Domain and Grid Generation

b)
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Figure 2.11: Computational domains. a) tunnel 1 domain, b) tunnel 2 domain, c) open-

air domain

Three computational domains are used for this assessment, and these are shown
in Figure 2.11. a) and b) represent the in-tunnel domains while c) represents the
open-air domain. Since a passenger vehicle is symmetric, the flow around it can be
assumed symmetric. Therefore, a symmetry plane was adopted to approximately
halve the computational cost. The open-air domain stretches 10! in front, 16! in the
rear, 8 above, and 8l to the side of the vehicle. Since the open-air domain was
treated like a very large wind tunnel, the walls were experimentally spaced far
enough to where near free-stream conditions were found at the wall surfaces, so as
to have negligible effects on the vehicle. The reference dimensions for each
modelled wind tunnel can be found in Appendix C.

The computational grids are generated through a combination of blockMesh
and snappyHexMesh, meshing tools that are part of OpenFOAM [10]. The domain
is defined through several surface (STL) files generated through the developed
modelling tool. blockMesh is used to define a uniform structured base grid that
fully encapsulates the desired domain, upon which snappyHexMesh sculpts and
refines the grid to fit to the specified boundaries. With each unique grid sharing

similar qualitative shapes, a universal grid “recipe” is created to refine the grid based
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upon any input geometry, where the sizing of cells and locations of refinement were

set relative to the input parameters and surface locations.

The base cubic blockMesh cells are set with the edge length, p, as a proportion

of the vehicle length:
l
p=cc (3)

This value is explained in section 2.4.3, where resolution required for grid
independence is determined. Refinement regions are then added to this base grid,
where cell lengths are scaled down by a factor of 2N, N being the integer refinement
level. Refinement regions are important for resolving velocity and pressure gradients
to reduce discretization error and accurately determine drag coefficient. Separated
flow, such as that found exiting the nozzle or detaching from the rear of the vehicle,
will have these steep gradients; therefore, it is imperative that refinement is added
in these areas. Local refinement regions are specified with two methods: cells at an
absolute distance surrounding a surface/edge or within a specified closed region.
Absolute distance refinement is used around the vehicle, seen in Figure 2.12, to both
facilitate boundary prism layer growth as well as to capture the flow characteristics
more accurately in this critical region. Refinement levels 4, 5, and 6 extend to 0.41,
0.151, and 0.015!] around the vehicle respectively. Walls, as well as edges of the
inlet and outlet gathered through OpenFOAM’s surfaceFeatureExtract tool,
also employed refinement level 3 to a distance of 0.01L. The exit of the nozzle, as
well as the wake of the vehicle are the two areas where closed region refinement is
used, to better resolve separated flow. Since the wake of the vehicle is a significant
contributor to the measured drag, ensuring good grid resolution in this region is
critical. Additional rectangular refinement regions are added at increasing distances
from the vehicle to transition to the base (maximum) cell size. These regions can be
seen in Figure 2.12, describing the discrete refinement levels along the symmetry

plane relative to the base grid sizing.
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Refinement Level

Figure 2.12: Areas of refinement relative to base cell size in both open air and tunnel

domains

The specific OpenFOAM source codes used for grid generation can be

referenced in the Appendix of Fujs and Defoe [18].

Prism cells are added adjacent to the ground and the vehicle surfaces to resolve
the near-wall flow behavior. A y* value of less than 5 is targeted around the vehicle
so as to fully resolve the boundary layer to more accurately predict the separation
points and shear stresses. Conversely, y'<300 is targeted on the ground, to utilize
wall function approximations in order to reduce overall cell counts. The wall-normal

thickness of the first cell, Ay;, is
Ayl,vehicle = 0.025p “4)

next to the vehicle surface and is

Ayl,wall = 0.25p (5)

on the other walls. 10 layers of cells are added in both regions, with expansion ratios

between layers, g, set to
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1
1 6)

g =
Ay,

with j representing the number of layers.

2.4.2 CFD Details

OpenFOAM’s steady-state, incompressible, turbulent flow solver,
simpleFoam, is utilized to carry out Reynolds-averaged Navier-Stokes (RANS)
simulations, with the k-o shear-stress transport (SST) turbulence model for its
good prediction of flow separation caused by adverse pressure gradients [19].
While real flow around vehicles is unsteady due to the presence of separations, in
the interest of obtaining a first estimate of drag coefficients, it was assumed that
utilizing a consistent numerical scheme should still provide comparable data for

the two models.

Since the flow is incompressible, a velocity inlet, U;y;.¢, boundary condition is
used to model the incoming flow, paired with a uniform static pressure outlet. A
target free-stream velocity, Uy, of 30.56m/s around the test vehicle was used,
matching typical automotive test conditions. For the open-road domain, the ground
is set with a moving-wall condition equal to U;;,;; to neglect the existence of any
environmental boundary layer. The wall boundaries are all modelled as no-slip,
except in the open-road domain where the top and side boundaries are modelled as
slip walls to approximate the open road conditions more closely. The

approximations in [19] for turbulent kinetic energy, k,

3
k= 5 (1 Uinlet)2 (7)

and turbulence specific dissipation rate, w,

k0.5

w =-——-—--—
0.25
925D,

(8)

were used, where I is the inlet turbulence intensity, C,is a constant equal to 0.09,

and D, is the hydraulic diameter of the inlet. Table 3 shows the described set of

boundary conditions for each computational domain. The wheels are also assumed
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not to rotate, though it would be possible to add wheel rotation effects with the model

presented in this paper.

Table 3: Boundary conditions for each computational domain

: Uinlet 0
Domain U, [m/s] /] I [%] k w
Wind Tunnel 30.56 5.53 3 0.041 0.031
Open Road 30.56 30.56 0.1 0.0014 0.0012

Each domain is initialized with OpenFOAM’s potentialFoam solver. This
yields a velocity and pressure field corresponding to inviscid, irrotational flow,
which reduces the number of iterations to a converged solution significantly. First
order numerical schemes are used for 3000 iterations to enhance the likelihood of
simulation convergence. Finally, second order numerical schemes are applied until
the convergence criteria are met. Each computation is considered to be converged
when the drag coefficient, averaged over all iterations past the first 5000, had a
standard deviation of 10 across the last 10,000 iterations. The first 2000 iterations
with the second order scheme are neglected in this averaging due to settling of the
drag coefficient when introducing a new numerical scheme. Exact numerical method

details are presented for reference in the Appendix of Fujs and Defoe [18].

2.4.3 Grid Independence

A grid independence study is performed with three vehicles in three domains to
determine the appropriate base cell size necessary to generate a solution that is not
significantly grid-dependent. The metric assessed is the vehicle drag coefficient, Cp.
As presented in the book by Roache [20], as the number of grid cells approaches
infinity, the change in results should asymptotically approach zero. The asymptotic
value can be estimated using Richardson extrapolation. The vehicle models include
a detailed minivan, an equivalent parametric minivan, and a parametric sedan. The
domains include open air and two different parametric representations of real wind
tunnels. A series of three grids are created for each configuration, with successive
reductions in the edge length of the cubic base cells, while maintaining the respective

y" values at the surface boundaries. These included cell counts of approximately 10,
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. ) o1 l . .
20, and 40 million, representing C-values, (3), of 5o and o respectively. Figure
2.13 shows the differences in measured drag relative to the estimated value with
infinite grid points calculated by Richardson extrapolation, Cp ¢neoreticar » 1S

described by

ACD,I:heoretcial =Cp — CD,theoretical )

Note that the Richardson extrapolation is only plotted once, representative of all nine
configurations in this format. The monotonic trend seen for all nine cases indicates
that the coarsest grid is already in the asymptotic region and thus that the Richardson

extrapolation is valid.
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Figure 2.13: Drag coefficient difference relative to theoretical drag value with infinite

grid cells as a function of cell count for several vehicles in several domains.

Table 4 describes the |ACD,theoretical| values attributed to each simulated

configuration. The maximum value for each grid level across all configurations,
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indicated in boldface, can be regarded as the drag measurement uncertainty for that
grid level. The coarse grid achieves an uncertainty of 0.0123; the medium, 0.0027;
the fine, 0.0008.

Table 4: |AC D,theoreticaﬂ values from the grid independence study.

|AC D,theoreticaﬂ at Specified Grid Level

Domain Vehicle
Coarse Medium Fine

Parametric Minivan 0.0024 0.0002 0.0000
Open Road Detailed Minivan 0.0048 0.0013 0.0003
Parametric Sedan 0.0093 0.0017 0.0003
Parametric Minivan 0.0048 0.0007 0.0001
Tunnel 1 Detailed Minivan 0.0123 0.0013 0.0001
Parametric Sedan 0.0087 0.0007 0.0005
Parametric Minivan 0.0077 0.0013 0.0002
Tunnel 2 Detailed Minivan 0.0028 0.0010 0.0003
Parametric Sedan 0.0084 0.0027 0.0008

2.4.4 Measured Drag Results

The minivan was selected for this study as it is relatively large. Assuming a
consistent free-stream velocity for other simulations, any reduction in vehicle size
will lead to a lower Reynolds number, and thus less stringent boundary layer and
wake resolution requirements. Thus, these results should be representative of any

other practical modelled vehicles.

The computed drag coefficients for the detailed and the parametrically modelled
minivans in each domain are found in Table 5 for the medium grid level, chosen as
the most representative grid level for future users due to its balance of uncertainty
and computational cost. The most important metric for this model is the difference
between Cp measured for the parametric model and the detailed model,

ACp parametric-detailed- A percent error, E, relative to the detailed model following

_ |ACD,parametric—detailed | "

100 (10)
CD,detailed

1s also documented.
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Table 5: Drag coefficient comparison between detailed and parametric minivan model

in several domains using medium grid (20 million cells).

Domain CD,parametric CD,detailed ACD,parametri(:—detailed E [%]
Open Air 0.2835 0.2602 0.0233 8.95
Tunnel 1 0.2352 0.2180 0.0172 7.89
Tunnel 2 0.1533 0.1445 0.0088 6.09

1 0.0164 7.64

The parametric model consistently overshoots the computed drag compared to
the detailed model across this set of domains, with an average E of 7.64%. However,
the E-value scales approximately linearly with the measured drag, meaning that the
difference is deterministic, well correlated to Cpparametric- Plotting Cp getqitea
values as a function of their Cp ,qrametric cOunterparts, then applying a linear fit, as

in Figure 2.14 produces the function

CD,Parametric (1 1)

Cp,detaitea =
' mCD,Parametric +b+1

capable of predicting values of Cp gerqireq With negligible uncertainty (less than

0.0001), where the constants m = 0.22002 and b = 0.02715.
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Figure 2.14: Linear fit, (11), capable of predicting Cp getaitea from Cp parametric

There are several reasons for the absolute differences exhibited between the
simplified and production minivan models, most of which are caused by the
inaccurate modelling of body curvatures, as discussed in section 2.3.2. The wake of
the vehicle is impacted by the location of flow separation and at what angle it
separates from the surface; and due to its high drag contribution [11], capturing these
two flow features is required for comparable computations. Although adding a
spoiler helps to set the separation point at the top of the vehicle, the separation points
along the other rounded faces differ between the parametric and production vehicle
models. Evidence of this is shown in Figure 2.15 through Figure 2.17, which depict
the average of the x-velocity, U,, around both parametric and production models in
the three domains (open air, tunnel 1, and tunnel 2, respectively). In all cases, the
parametric model has a much larger wake compared to the production vehicle
counterpart. In the x-z planes, the streamlines exiting the simplified spoiler appear
relatively similar to the detailed vehicle; however, the separation angle at the

underside appears less steep relative to the horizontal. This creates a much larger
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recirculation area. Looking at the y-z planes, the effects of this underside separation
difference can be seen clearly. Despite the separation angle of the side curvature
appearing relatively similar to the detailed model, the low velocity region caused by

the underside extends up further and consequentially has effects downstream.

y/1=0

0.5

z/1

a)
1=0.08
0.54 z/1= 0.0
y/1
1 05 0 x1 05 1 15
Ux/Untct
-0.75 -0.5 -0.25 0 0.25 0.5 0.75 1 1.25
_—— ' ' 1
/1=0
0.5 4
z/1
-1 -0.5 0 x/1 0.5 1 1.5
b)
0.5

y/1

-1 -0.5 0 x/1 0.5 1 1.5

Figure 2.15: Average U, field of a minivan model in the x-y and x-z planes in an

open-air domain. a) parametric model, b) detailed model
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Figure 2.16: Average U, field of a minivan model in the x-y and x-z planes in the

tunnel 1 domain. a) parametric model, b) detailed model
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Figure 2.17: Average U, field of a minivan model in the x-y and x-z planes in the

tunnel 2 domain. a) parametric model, b) detailed model

The key takeaway is that these differences in the flow field mean that the
fixed parameters used to govern most of the simplified vehicle’s curvature do not
truly capture the complexity of the production vehicle model, but rather a similar
qualitative shape. The main features of the flow are represented, but not perfectly.
Other qualities such as the underside rake angle, and the slight curvature of the doors
are unable to be modelled using the dimensions publicly available. As a result, the

absolute drag coefficients computed using the parametric model over-predict those
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of the equivalent production vehicle models, but the amount of over-prediction

seems to be set by the parametric model drag coefficient via Equation (11)

CD,Parametric

Cp detaited =
D,detailed
mCp parametrictb+1

. Though this correlation is based on a single vehicle, it is based on three quite
different pressure gradients yielding drag coefficients varying almost by a factor of
2, so it would be expected this has some generality. This consistent quantitative
behavior, combined with the overall qualitative behavior being correct, suggests that
the simplified vehicle model can be used as a proxy for a detailed model, especially
if differences in drag caused by a change of surrounding pressure gradient are of

interest.

2.5 Conclusions

In this paper, we have presented two novel general automotive models which are
more capable of capturing complexity than previous parametric models in the
literature: one for open-jet wind tunnels, and the other for passenger vehicles other
than pickup trucks. The models have simplified geometry that is continuously
variable, allowing them to capture a wide range of the typical shapes, all while
maintaining an accurate qualitative representation of both production vehicles and
open-jet wind tunnels respectively. The wind tunnel model shows only minor
deviations from real tunnel geometry, with most surfaces lining up exactly. The
vehicle model, dominated by more complex curvature, suffers more from the limited
input parameters; critical separation regions towards the rear of the vehicle are not
captured well enough to measure exact drag values. However, the vehicle model is
shown to be capable of predicting the drag measured by its detailed model

counterpart solely based on its own drag measurement, with nearly 100% accuracy.

Overall, these models provide new tools for parametric shape studies regarding
vehicle aerodynamics. Alone, the vehicle model has the potential to assess the
impact of vehicle shape on the drag coefficient, while the tunnel model has the
potential to assess the impact of tunnel shape on flow uniformity in the test section.
Paired together, they can help assess the impact of wind tunnel design on vehicle

aerodynamic measurements.
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CHAPTER 3
AUTOMOTIVE OPEN-JET WIND TUNNEL DRAG CORRECTION
USING COMPUTATIONAL FLUID DYNAMICS

3.1 Introduction

Drag is a crucial factor in the design and performance of passenger vehicles, as
it significantly impacts energy efficiency, especially at highway speeds. For vehicles
with combustion engines, stringent fuel economy targets are already imposed on
vehicle manufacturers [1], and the need for a competitive edge essentially require
manufacturers to continue to reduce fuel consumption. By having the ability to
accurately measure aerodynamic drag, the impact of small improvements can be

quantified and factored correctly into energy consumption estimates.

Ideally, vehicle drag would be measured in the on-road environment. However,
there is no direct way to measure drag on a vehicle in isolation while it is driving on
ordinary roads; therefore, wind tunnels are employed. Wind tunnels provide
manufacturers with the ability to subject vehicles to controlled aerodynamic
conditions. By fixing the vehicle in place, load cells can be used to precisely measure
the resulting forces on the body. Although practical, the finite nature of a wind tunnel
introduces differences in the surrounding flow field than what is theoretically
expected in the open-air. Open-jet tunnels, as compared to closed-jet tunnels, are
often used in the automotive industry, as they limit these finite geometrical effects
without requiring excessively large facilities [2]. A schematic illustration of an
open-jet wind tunnel is depicted in Figure 3.1 and the major components are

indicated.

Test Section

o~ L ~J

Collector

» Nozzle Q Diffuser

—/T Load Cell é

Figure 3.1: Schematic of the working section of an open-jet wind tunnel
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The presence of tunnel geometry near the test vehicle creates a disparity between
measured drag and that which would occur on the open road. Correction factors have
been developed to compensate for these effects, utilizing geometrical and pressure
gradient information to map the measured drag to theoretical equivalent open-road

conditions. The effects captured are:

Jet expansion: a difference in the behavior of a finite cross-sectional jet as

opposed to one of infinite extent when a model/vehicle is present,

Nozzle blockage: proximity of the vehicle to the nozzle creates differences in the

velocity distribution at the nozzle exit,

Jet deflection: the streamlines exiting the nozzle are not parallel to the horizontal

due to the presence of the vehicle,

Collector blockage: displacement of the flow downstream of the vehicle is

constrained by the extents of the flow collector, and

Horizontal buoyancy: a pressure gradient develops longitudinally across an
empty test section from blockage due to wall configuration and boundary layer
buildup. Therefore, a vehicle is tested in a non-constant static pressure from nose to
tail, leading to a so-called horizontal buoyancy force on the model in the direction
of decreasing pressure.

These effects are described in more detail in [3].

The horizontal buoyancy (HB) correction is fundamentally different than the
other four effects described. The others act to modify the effective dynamic pressure
for drag coefficient measurement, while the horizontal buoyancy effect contributes
an extra term to the drag coefficient (which may be positive or negative) before the

dynamic pressure corrections are made. This “classical” correction approach is

described by

Cpc,q = (Cp + ACp up)/(Qcorr/qw) (12)

where Cp is the measured drag coefficient used to produce the corrected drag
coefficient, Cp¢ 4. ACp yp represents the horizontal buoyancy correction expressed

as
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ACD,HB = [1.75/An][(VMm/2)]G, (13)

where Ay,and V) are the frontal area and volume of the test vehicle. G is the “Glauert

factor”,

- (dcp> N (dcp) 1
- \dx/y dx /¢ (14)
which sums the longitudinal rate of change of the static pressure coefficient, %,

across the front and rear half of the vehicle. Subscripts N and C respectively
represent the nozzle-side and collector-side halves. Referring back to (12),

dcorr/ 9 represents the dynamic pressure correction, which can be described by

2
dcorr/qeo = (1 —&n T Ep tE T EN T EC) (15)

as five discrete velocity perturbations denoted by &. The combination of £,y and
€gp define a modification to the velocity at the nozzle exit, based on the “plenum
method” [4]. &5 represent the effects of jet expansion and jet deflection. Finally, ey
and &, represent perturbations caused by the blockage of the nozzle and the collector
respectively. A further breakdown of each ¢ term is available in Appendix A.1.
These corrections are described in more detail by Mercker et al [5]. To facilitate
future reference to the “classical” correction methodology in this paper, the term

“dynamic pressure corrections” will be used, inclusive of ACp yp.

The pressure gradient has a non-negligible effect on the wake of the vehicle,
which is not captured by the horizontal buoyancy correction. A replacement
correction was developed to account more fully for the inherent tunnel pressure
gradient. This involved measuring the vehicle in a second, perturbed pressure field
by means of a physical blockage behind the vehicle. Measuring the drag coefficient
in both pressure gradients provides enough information to quantify the new
correction. This is known as the “Two Measurement Method” [6], or the two-

measurement (TM) correction, described by

(Cp + ACprm)
(QCorr/qOO)

(16)

CDC,TM =
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where ACp 1)y represents the replacement pressure gradient correction.

While the literature [7] shows that discrepancies in corrected drag coefficient
are reduced when using this approach, industry has typically adopted the technique
only for reference datasets due to the impracticality of doubling the measurement
campaign length for each vehicle. These reference datasets have been able to
produce strong correlations of corrected to measured drag coefficient [7], but
corrected drag coefficient measurements of the same vehicle in different wind
tunnels continue to show a discrepancy, despite all correction efforts. Data supplied
by our industrial partner shows that the discrepancy between tunnels averages 6%,

extending as high as 10% for some vehicles.

Clearly, it is the case that some physical effects are not being captured accurately

by this approach, which is the current state of the art.

In this paper, we present a replacement correction for the TM correction or
horizontal buoyancy correction that uses a data-driven approach to capture effects
not previously accounted for with other approaches. Dynamic pressure corrections
are still employed with the new correction. Rather than being based on a model or
concept of how to use open-jet wind tunnel measurements of drag coefficient to get
at the open-road drag coefficient, the new correction is based on the difference
between drag measured in an open road configuration and that measured in a wind
tunnel, quantified through computational fluid dynamics (CFD) simulations of flow
around vehicles in both domains. However, complex real vehicle geometries drive
up the computational costs significantly, making high fidelity simulations tedious
and likely impractical for on-demand application in an industrial setting (for
example, in iterative design). While large eddy simulations (LES) are typically able
to predict drag coefficients very accurately [8, 9, 10], they are cost-prohibitive in the
industrial context and so either steady or unsteady Reynolds-averaged Navier-
Stokes ((U)RANS) computations are normally employed. However, even URANS
can struggle to accurately predict drag coefficients of vehicles with large
discrepancies in length scales and significant separated flow [11]. However, changes
in drag coefficient due to changes in the flow conditions (i.e. in tunnel vs. on open

road) are expected to be predicted accurately using RANS computations. In this
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paper, to keep computational costs manageable, steady RANS computations are
used. To enable the study of a wide variety of vehicle shapes and wind tunnel
configurations, simplified parametric models of both, presented by Fujs and Defoe
[12], are used to determine the drag coefficient difference between the open road

and tunnel configurations.

An empirical correction function is found by analyzing the results of a parametric
study of vehicle and tunnel combinations across a wide range of those typically
found in industry. The function describes the expected drag coefficient correction
between tunnel and open road measurements for any combination of input test
geometries within the extremes set by the available experimental data and the
limitations of the modelling tools used. This open road drag coefficient Cp, o, and the

drag coefficient measured in some wind tunnel Cp, r; are subsequently related by

_ (Cpri + ACp pp)
Cpo =
(corr/qeo)

+ ACp 1y (17)

where ACp, r; 1s the new correction, defined by the function, applied to Cp ; on top

of the dynamic pressure corrections.

The key outcome is that for the five experimental vehicles for which
experimental data was available, applying this new correction methodology reduces
the existing 0.0081+0.0137 discrepancy between the corrected drag coefficients of
vehicles that have been measured in different tunnels to 0.0069+0.0043.

The remainder of this paper is organized as follows. Section 3.2, outlines the
methodology followed to develop the new correction function, including details
about the parameter space, the sampling used to underlie the parametric study, and
the interpolation of the continuous function. Section 3.3 explains the details about
the CFD simulations including the computational domains, the grid generation, the
solver and boundary conditions, as well as the collection of the desired data. Finally,

Section 3.4 includes a discussion of the results and attributed uncertainties.
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3.2 Methodology

By computing the drag coefficient of a vehicle in an open road configuration and
in a wind tunnel configuration, after correcting the wind tunnel measurement with
the dynamic pressure corrections, the difference between the two coefficients is the

value we seek to quantify as the new correction. This idea is explained by

(Cpri + ACp p)
(qCOTT/qOO) (1 8)

ACD,TL' = CD,O -

which is simply a rearrangement of (17). Simplifying with (1) renders
ACpri = Cpo — CDC,q,Ti (19)

where Cp¢ 4 r; represents a tunnel measurement with dynamic pressure corrections
applied. Using this method in a discrete sense requires two simulations: (i) vehicle
in tunnel and (ii) vehicle on open road. These gather the unknown Cp ; and Cp o
values required to compute the correction (as the dynamic pressure correction
information would be known). In an ideal world, applying this approach for each
vehicle in each tunnel would give the best results. However, on an industrial scale,
it is not feasible to perform two simulations for every vehicle that is tested.
Therefore, the correction must be an analytical function based on the test
configuration. To be useful in a design context, this function should be dependent

on vehicle and wind tunnel geometry parameters only.

3.2.1 Simplified Parametric Models

To make practical a parametric study of vehicle and wind tunnel combinations,
the wind tunnel and vehicle models need to capture the key features of their real-
world counterparts, while being fully parametric. The models presented by the
authors in [12] satisfy this requirement and are thus used in this paper. These models
reduce the parameter space to 21 independent dimensions, listed in Table 6. The

independent dimensions of the experimental data can be found in Appendix A.2.
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Table 6: Independent dimensions used to specify the parametric models in [12]

Vehicle Model Wind Tunnel Model
Dimension Symbol Dimension Symbol
Test Section Lel?gth L Lel?gth :
(TS.) Width w Width w
Height H Height h
Exit Width Wy Internal Volume (passenger
Nozzle Exit Height Hy compartment and trunk) v
Depth in T.S. Dy Front Overhang Of
Exit Width W, Rear Overhang 0y
Exit Height H. Front Wheel Well Height hs
Collector i '
Depth in T.S. D¢ Rear Wheel Well Height h,
Angle a Ride Height
Diffuser Angle B
Vehicle Placement in T.S. x

3.2.2 Reducing the Number of Explored Parameters

Despite being a substantial simplification to real geometry, 21 independent
parameters is still too many to practically explore via a parametric study. It is
common in problems defined by a large number of independent parameters that
some few of, or some few combinations of, the parameters dominate the behavior
of dependent variables like the vehicle drag coefficient. Therefore, a dimensionality
reduction technique, PCA [13], was applied to the input dimensions to reduce the
dimensionality of the dataset while minimizing the information sacrificed. PCA
identifies new orthogonal directions, or principal components (PCs), created from
linear combinations of input parameters, that aim to capture the maximum variance
within the data, the variance representing the information within the dataset. Each
successive PC maximizes the variance not captured by the preceding principal
components. The orthogonal output of the PCA is a desirable feature relative to other
potential dimensionality reduction techniques, as it facilitates unbiased sampling of

the entire space [14].
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To identify the PCs, some dataset is needed. In this paper, an experimentally
derived dataset based on five passenger vehicles each tested in two wind tunnels is
employed for this purpose. Since only vehicles for which measurements had been
conducted in multiple tunnels, using the two-measurement method in both, can be
considered to have state-of-the-art corrected drag coefficients, this limited dataset
was the best available to the authors where improvement relative to the TM method
could be quantified. Although limited, the experimental data is a collection of

distinct vehicle types, including SUVs, hatchbacks, sedans, and minivans.

MATLAB’s [15] PCA tool is used to perform the dimensionality analysis. It was
found that 99.4% of the variance within the experimental dataset could be described
by 4 orthogonal directions. The scree plot in Figure 3.2 depicts this tapering of value,
where the fifth and subsequent PCs would cumulatively contribute a negligible

amount of value to the dataset.

100 T T T

I PC Variance
Cumulative Variance

Variance Explained (%)

1 2 3 4
Principal Component

Figure 3.2: Scree plot of the variance described by each relevant PC
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Over 99% of variance captured is adequate for the purposes in this paper, and
so the first 4 PCs are the only ones retained to describe the 21-dimensional space.
The equations for the PCs in terms of the 21 input variables are given in Appendix
A.3. Since there are only two tunnels included in the experimental dataset, the tunnel
geometry variation can be described by a straight line in the 21-dimensional space.
The result is that the first PC (PC1) captures all geometry factors associated with the

wind tunnel, and no wind tunnel parameters appear in PCs 2 through 4.

3.2.3 Sampling the Parameter Space

The experimental data points used for defining the principal components are
plotted in the PC space in Figure 3.3(a). Since PC4 contributes only a small amount
to the overall data variance, to ease visualization, only the first three PCs are shown.
This clearly shows the spread of the experimental data points, with 5 identical
vehicles (described by PC2 and PC3) placed on opposite ends of the tunnel
descriptor PC1. Table A3 containing the principal component values describing the

experimental data can be found in Appendix A.4.
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Figure 3.3: LHS data used in the parametric study. (a) experimental data, (b) 30 inter-
tunnel samples, (c¢) 10 of the same samples in each experimental tunnel, (d) validation

samples

A Latin hypercube sampling (LHS) approach, outlined by [16], is used to
determine sample vehicles and tunnel geometries investigated. With the aim of most
effectively using the computational resources available, a total of 56 sample points
are selected, divided into 4 subsets. The largest is a set of 30 points determined via
LHS spanning the full range of PCs 1 to 4, called the inter-tunnel sample data and
can be seen in Figure 3.3(b). The second and third sets each contain 10 different
vehicle samples holding PC1 constant at the values associated with each of the two
wind tunnels for which real-world data is available. These are shown together in

Figure 3.3(c) and are termed the tunnel 1 and tunnel 2 sets for the points at PC1=3
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and PC1=-3, respectively. A final set of 6 additional validation samples generated
via LHS is generated for assessing the accuracy of the RBFs at points that are not

part of the other datasets, seen in Figure 3.3(d).

For each sample, two CFD simulations are necessary for correction, as
mentioned in Section 3.2. However, the wind tunnels being simulated do not have
measured pressure gradients as is true with real tunnels. Therefore, a third
supplementary simulation of the empty tunnel is required to compute the dynamic
pressure corrections. Details of the computational approach for these simulations is
described in Section 3.3. Once the computations are collected for the 50 total sample
geometries (not including the validation samples), 50 ACp, r; values can be found
through (19). Due to the nature of LHS, the ACp, ; values are scattered throughout
the parameter space. Radial basis functions (RBF) are a common method for
developing analytical expressions fit to scattered data [17]. We denote a function
based on n samples RBF,, which estimates the ACp, r; value based on any geometry’s

PC values:
ACD,Ti,RBFTL - RBFn(Pcl,PCZ,PC3, PC4) (20)

Three comparable RBFs are obtained from the aforementioned sample sets,
corresponding to application to data set 1 (30 samples, dubbed RBF3), to data sets
2 and 3 (20 samples from the two sets, dubbed RBF19+10), and to the combination of
the three sets (dubbed RBFs50). RBF3p aims to show the capability of a universal
correction function applicable for any vehicle in any tunnel. RBFjo+10 narrows the
scope of this correction function creating correction functions tailored to individual
wind tunnels (as the number of open-jet tunnels in the world is relatively few). RBF’so
shows how improved sampling density can benefit the function, replicating a higher
density in the known critical area of the parameter space with respect to the

experimental data.

Each RBF interpolation is created using Python [18], specifically SciPy’s
interpolation package (scipy.interpolate). This method works by applying a
predictor function at each sample point, and then taking the sum of all the predictor

functions for all sample points to create a single continuous function. This is
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described in depth in [17]. The shape of the predictor function is user-defined, and
significantly impacts the shape of the final interpolated function. The optimal
predictor function was explored by examining a range of spacing constants, epsilon,
for several different predictor function shapes. The resulting interpolations were all

applied to the experimental data using

Cpc,rern = Cpc,qg + ACp 1iRBFN (21)

The efficacy of each RBF predictor function was judged based on the resulting
average corrected drag coefficient variation between tunnels 1 and 2,
U(ACpc rernr1-12)- Figure 3.4 shows this, describing that the minimum average
drag difference was consistently found using the linear method (equivalent to the
multiquadric with a zero epsilon). Since the linear interpolation method provided

the best results, it was considered to be the best approach for future works.
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Figure 3.4: Differences in u(ACp¢ grprnr1-12) due to modifying the predictor function in

the RBF interpolation. (a) multiquadric, (b) inverse, (c) gaussian, (d) linear, (e) cubic.

3.3 Computational Details

Given the relatively large number of computations required, automation of the
CFD case setup and execution process is critical. The automation involved with each
step of the computational modelling is outlined along with the details in each

subsection below.

3.3.1 Software

Due to the large size of the computations and thus the need to run them massively
in parallel, open-source CFD software is used to avoid limitations associated with
licensing costs. OpenFOAM v2206 [19] is used for grid generation and as a flow
solver. Salome [20] is used as the 3D modelling tool for geometry generation. The
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details of the vehicle and tunnel models are detailed by Fujs and Defoe [12]. All
grid generation and solver runs were executed on SciNet’s Niagara supercomputer.
The total number of core-years consumed to produce the data used in this paper was

80 core-years.

3.3.2 Computational Domains

Three types of computational domains are used in this paper: vehicle on open
road, vehicle in wind tunnel, and empty wind tunnel, shown in Figure 3.5a) through
c) respectively. The reference axes centered on the vehicle in a) apply to all other

domains.

b)

!Chapter 2 of this thesis.
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Figure 3.5: Representative computational domains. a) open road, b) vehicle in wind

tunnel, ¢) empty wind tunnel.

The domains are defined by a set of bounding surfaces in the form of
stereolithography (STL) files. These surfaces are created by isolating regions from
the vehicle and tunnel geometry models. The various surfaces, corresponding to both
physical surfaces and virtual ones are used to denote regions of additional grid
refinement. Details about the grid refinement can be found in by Fujs and Defoe
[12]. The open road domain only requires STL files for the vehicle; the bounds of
the domain are directly specified during mesh generation. All computations take
advantage of geometric symmetry and solve for the flow over only on one side of

the vehicle/tunnel; this is possible because of the use of steady RANS computations.

3.3.3 Grid Generation and Independence

Grid generation for arbitrary geometries in OpenFOAM is handled using two tools
together: blockMesh for fully structured, background grid generation, and
snappyHexMesh for modifying the background grid into a polyhedral grid which
conforms to the bounding surfaces defined. Grid generation follows the same
approach detailed by Fujs and Defoe [12]. Close-up views of several regions of the

grid are shown in Figure 3.6.
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Figure 3.6: Close-up views of important regions in the grid

A rigorous grid independence assessment for a typical wind tunnel + vehicle
domain is described in ref [12]. For a large vehicle in tunnel configuration (at the
high end of the Reynolds number range considered), grids of 10, 20, and 40 million
cells were assessed, and the difference in drag coefficient between the two finest
grids was only 0.0019, so the medium grid level is used for all other computations.
Average cell counts across the 56 cases in this paper for each domain type are given

in Table 7.

Table 7: Average cell counts for each computational domain.

Domain Average Cell Count [million]
Empty tunnel 10
Tunnel w/ vehicle 20
Open road w/ vehicle 15

3.3.4 CFD Solver, Boundary Conditions, and Numerics

OpenFOAM’s steady-state, incompressible solver for turbulent flow,
simpleFoam, is used for all computations. The k-®-SST turbulence model [21] is

employed for its good prediction of separation and superior performance under
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adverse pressure gradients, two key elements that exist for vehicles studied in open-

jet wind tunnels.

Velocity is set at the inlet (targeting 30.56 m/s around the vehicle to match
experimental test conditions) and a fixed static pressure is set at the outlet for each
domain. The ground of the open road domain is set as a moving wall equivalent to
the inlet velocity to neglect an environmental boundary layer. All walls are set with
the no slip condition with two exceptions set to slip: (i) the floor of the wind tunnel
nozzle to delay boundary layer growth, mimicking modern tunnel boundary layer
ingestion at the nozzle exit, and (ii) the side/top of the open road domain to more
closely approximate open road conditions. A y* value of <5 is employed around the
vehicle to fully resolve the boundary layer. Conversely, a y'<300 is employed on
the walls and ground, utilizing boundary layer wall function approximations for
reduced cell counts. Second order numerical schemes are used for the final
computations, with a first order scheme being used for the first 3000 iterations to
improve the chance of simulation convergence. Additional details and specifics

about the CFD setup can be found in Fujs and Defoe [12].

3.3.5 Data Collection

The aerodynamic drag coefficient, Cp, is the key output for all but the empty

tunnel computations. Cp, is defined in the normal way,

2D

Cp =~ =~ (22)

T PUsAM’

where D is the drag force on the vehicle, p is the air density, Uy, is the free-stream
velocity, and Ay, is the vehicle frontal area. A Python package, pArea [22], is used
to quantify the frontal area of the vehicle from the STL model. The drag coefficient
is determined by integration of surface pressure and shear stress (with OpenFOAM’s

‘forceCoeffs’ function).

Since the large separations present in flow over vehicles mean the flow is
fundamentally unsteady, the drag coefficient would typically not settle to a unique
value. Instead, convergence is assessed based on the moving average of the drag

coefficient. 30,000 iterations were typically sufficient, with some simulations

51



requiring up to 50,000. The first 5000 iterations are neglected in the averaging
process to omit the inaccurate initial flow field. Computations are considered
converged when the standard deviation of the drag coefficient becomes less than or
equal to 10™* over a 10,000-iteration rolling window. Due to this unique convergence
criteria, the simulations could not be automatically stopped, and thus were checked
after the 30,000 iterations, with increments of 10,000 added as necessary. An
example of drag coefficient convergence is shown in Figure 3.7, which depicts the
development of the rolling-average drag coefficient for a typical vehicle-in-wind-

tunnel computation.
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Figure 3.7: Demonstrating convergence of the iteration-averaged drag coefficient

measurement using the standard deviation of al0000-iteration rolling-window.

The pressure coefficient data within the supplementary empty tunnel
simulations, for the purpose of the horizontal buoyancy correction, is found through
OpenFOAM’s ‘probes’ functionality. These are taken at the equivalent locations of

the front, center, and rear of the vehicle along the symmetry plane when it is placed
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in the tunnel. These fore and aft locations are deduced using the values of the vehicle

placement within the tunnel, x, and the vehicle length, [, as seen in Figure 3.8.

Figure 3.8: Fore/aft probe locations for empty tunnel ¢, data

This resulting value was also taken as a moving average over the span of the
computation. 5000 iterations were used consistently for all empty tunnel
simulations. A similar convergence criterion to the drag coefficient was checked for
these pressure ceofficients, where the standard deviation of ¢, over a shorter 1000-
iteration rolling window reached less than or equal to 10-3, exemplified by Figure

3.9.
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Figure 3.9: Demonstrating convergence of the iteration-averaged pressure coefficient data

using the standard deviation of a 1000-iteration rolling-window.

3.4 Results and Discussion

In this section the results of the computational parametric study are discussed in
detail, but first, the experimental data is analyzed to quantify the baseline for

identifying improvement for the new correction.

The corrected drag coefficients determined for each of the 5 vehicles for which
data is available is shown, for both tunnels in Table 8 and Table 9. Table 8 contains
data for the dynamic pressure corrections, (12), while Table 9 contains data for the
TM method, (16). The differences for each vehicle as well as the average and

standard deviation of those differences across the 5 vehicles are also given.

Table 8: Experimental data with dynamic pressure corrections

Vehicle Cpc,qr1 Cpc,q,12 ACpc g 11-T2
1 0.2966 0.2805 0.0161
2 0.2962 0.2784 0.0178
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3 0.2778 0.2694 0.0084

0.3547 0.3224 0.0323
5 0.3886 0.3514 0.0372
1 0.0224

o 0.0120

Table 9: Experimental data with TM corrections

Vehicle Cpermr1 Cpcrm,r2 ACpcrmr1-T2

1 0.2973 0.2951 0.0022
2 0.2960 0.2966 -0.0006
3 0.2777 0.2822 -0.0045
4 0.3544 0.3251 0.0293
5 0.3891 0.3752 0.0139

U 0.0081

o 0.0137

These results illustrate some of the shortcomings of these methods. The average
difference between the two tunnels is the first metric the new correction aims to
decrease. The TM method performs much better, with an almost threefold-lower
average discrepancy (81 drag counts as opposed to 224 — 1 drag count =0.0001 Cp)..
However, the standard deviation of the differences in corrected drag coefficient
increases slightly with the TM method, from 0.0120 to 0.0137, showing that
although the data is shifted towards a desirable average of zero, the data spread is
still significant, approximately 4% of a typical drag coefficient. So, in addition to
reducing average discrepancies, the new correction should also decrease the

standard deviation.

Moving to the computational results, Figure 3.11, Figure 3.12, and Figure 3.13
show the three RBFs mentioned in Section 3.2.3, RBF39, RBF19+10, and RBF'so
respectively. Visualizing data which is a function of four variables is never
straightforward. The figures use a grid of 2D contour plots (with axes PC3 and PC4),
each at a particular (PC1, PC2) value pair, an example plot displayed in Figure 3.10.

This enables one to identify the general trends across the space.
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Figure 3.10: Example of 2D contour plot used for 4D data visualization.
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Figure 3.11: Visualization of RBF3, describing the predicted ACp r; rgrso (color) at each

set of input PC values.
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at each set of input PC values. Since PCl1 is constant for each set of 10 samples, it is not

interpolated or visualized.
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Figure 3.13: Visualization of RBF’5), describing the predicted ACp r; pprso (color) at each

set of input PC values.

Comparing RBF'so to RBF30, the general trend of the data remains somewhat
consistent despite adding many more samples at the edges of the PC1 direction. This
is assessed quantitatively in Figure 3.14, which shows the difference in the outputs
of RBF50-RBF 3, plotted in the same manner as the earlier figures. The maximum
absolute difference is 0.0315 and occurs around the bottom left slice, near to the
additional samples along the extreme of PC1, while the minimum difference is 0 in
the center areas far from the PC1 extremums. This indicates that further populating
the sample space with a dense LHS would lead to a more accurate RBF, though this

was not done due to constraints on computational resources.
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Figure 3.14: The difference in output between RBFspand RBF’

To assess the accuracy of the RBFs at predicting drag coefficient corrections
between sample points, the set of 6 additional validation samples are used to
compare computed ACpr; to the RBF-predicted ACpr;grprn, in Table 10.
Comparing the averages and standard deviations of the differences, we can conclude
that RBF'so produces the lowest interpolation error, both in x4 and in o, though the
differences are small. Validation samples 2 and 4 see the largest improvements as
they lie close to the RBF9+10 hyperplanes (errors decreased by roughly a factor of

2), while the error actually increases for samples 5 and 6, far from the RBF;9+ 0.
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Table 10: Comparison between computed ACp r; and RBF-predicted ACp r; pppn versus

the sampling density near to the six validation points.

Computed ACp r; —
Validation ACp 7 RBFn Ay
Sample
RBF39 RBFsg RBF39 RBFso
1 0.0044 0.0046 0.50 0.50
2 0.0043 0.0018 0.52 0.48
3 0.0096 0.0086 0.57 0.57
4 -0.0239 -0.0146 0.71 0.55
5 -0.0098 -0.0106 0.53 0.53
6 -0.0021 -0.0046 0.42 0.42
U -0.0029 -0.0025 0.51 0.48
4] 0.0122 0.0090 - -

It is useful to characterize the distance between LHS sample points and the
validation points to qualitatively analyze these results. This characteristic distance

between points, d, can be described by

d = /(0.575dp¢1)? + (0.215dpc2)? + (0.126dpe3)? + (0.084dpcy)?  (23)

where dp; is the orthogonal distance between points along the PC; direction. The
constants attached are weightings following the respective variance percentages
explained by each PC, shown in Figure 3.2. By averaging this characteristic distance
for the closest 5 LHS sample points we gain a metric, d,, for the density of the
underlying LHS samples relative to any desired point in the PC space, the validation
sample points in this case (the lower the d,, the more densely populated near to the

point of reference).

Figure 3.15 shows the absolute value of the RBF prediction accuracy for both
RBF30 and RBF's validation samples from Table 10 for each validation point against
the respective d, values. It shows that there is correlation between the proximity of
LHS samples and the interpolation accuracy, where a tighter sampling density near
to the point leads to an improvement in the RBF prediction. These results suggest
that populating the full sample space with the density of points near the extremums

of PC1 in RBF'sp might lead to lowering the average errors across the space. Fitting
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an exponential curve to the data allows for a reasonable prediction of the uncertainty
in interpolation accuracy, Uinterpolation» fOr any point relative to its nearby sampling

density. This fit is described by

= 0.0002401e%511% (24)
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Figure 3.15: Computed versus predicted ACp 7; values for RBF;pand RBF's for each
validation point relative to the nearby sampling density of the LHS relative to the point,
d,.

With the RBFs established and their accuracies quantified, we now return to
comparing the RBF performance to the corrections applied to the experimental data
discussed at the beginning of this section. This is visualized in Figure 3.16, based
on data in Table 11, where the difference in corrected drag measurement between
experimental tunnels is compared, ACp¢ 7112, for each experimental vehicle using
dynamic pressure corrections, TM corrections, and the three individual RBF,

corrections. Conclusions from these results are not completely clear, as at face value

some vehicles exhibit a major decrease in variation relative to TM corrections with
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a certain method, such as RBFso for vehicles 3-5, while the other vehicles see the

opposite effect with that same method, vehicles 1 and 2.

Table 11: Resulting ACp¢ 71-r2 values for each vehicle using each different correction

method.
Vehicle Albcri-rz
q ™ RBF39 RBF0+10 RBF'sy
1 0.0161 0.0022 0.0015 0.0066 0.0066
2 0.0178 -0.0006  -0.0005 0.0154 0.0100
3 0.0084 -0.0045  -0.0097 0.0063 0.0016
4 0.0323 0.0293 0.0226 0.0158 0.0158
5 0.0372 0.0139 0.0126 0.0047 0.0047
y7i 0.0224 0.0081 0.0053 0.0098 0.0077
o 0.0120 0.0137 0.0125 0.0054 0.0054
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Figure 3.16: Comparison of ACp¢ 1112 values for each experimental vehicle using each

correction method.
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However, as was done with the validation samples, we can compare to the d,

values for each vehicle in the PC space to gather a sense of RBF performance based

on sampling density near to the experimental data.

Table 12: d,, values for experimental data points using each RBF.

. Aw,u
Vehicle

RBF39 RBFi0+10  RBFs0

1 0.693 0.351 0.332

2 0.762 0.295 0.293

3 0.798 0.303 0.294

4 0.736 0.360 0.314

5 0.788 0.575 0.537

U 0.755 0.377 0.354
Uinterpolation 0.0154 0.0077 0.0072

A decrease in the average relative sampling density is found from RBF3g to
RBF10+10 to RBF's59. Following the statement that increased sampling density likely
yields more accurate results, it is expected that RBF’5pis the most useful in terms of
experimental vehicle prediction, followed by RBFi9+i0, then RBF3p. Since the
experimental data lies on the RBFjo+10 hyperplanes, they are often closest to the
same sample points for both RBF¢+10and RBF'sg, causing the sample densities to be
very similar. However, RBF'so has slightly increased density from the 30 additional
sample points, and resultingly sees either equivalent or improvement in its
ACp¢ r1-12 values relative to RBF9+10. RBF39 shows interesting results closer to
zero than the TM method for vehicles 1 and 2; however, the sampling density is

much lower, and these results can only be considered as a coincidence.

Table 13 compares the resulting corrected drag coefficients of the experimental
vehicles using the TM method (current state-of-the-art) and RBF’50. The most
obvious result is that the Cp¢ rprso values are high relative to the real-life Cpc 1y
values. The third column of Table 13 describes the difference in corrected drag
coefficient between the two methods. These differences are thought to be due to a
combination of computational factors, including: (i) using simplified models, (ii)

steady RANS simulations, and (iii) discretization error. Notably, the difference is
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relatively consistent for all vehicles, averaging 0.0686 with a standard deviation of

0.0115. The parametric model over-prediction correlation

Cpc,rBFN
=C — .
/= Cocrern 0.22002Cpc rprn + 1.02715 (25)
found in Fujs and Defoe [12] and applied as
CDC,RBFn—f = CDC,RBFn —f (26)

can be used to mitigate effects of the simplified vehicle on the results. It is thereby
added to the RBF corrected value and displayed in column 4. The differences
between these Cpc rprn— Vvalues and the original TM corrected values are listed in
column 5. The average and standard deviation are much lower, 0.0243 and 0.0087

respectively, than without the f correction, indicating its benefit.

Table 13: Comparison of RBFspand two-measurement method drag results.

Cpc ACpc Coc ACpc
Tun- .
nel Ve RBEL,  TM.RBEs  RBFsf M-
(RBFs50-f)
1 0.2973  0.3766 0.0793 0.3336 0.0363
2 0.2960  0.3559 0.0599 0.3152 0.0192
1 3 0.2770  0.3395 0.0625 0.3007 0.0237
4 0.3540  0.4211 0.0671 0.3730 0.0190
5 0.3890  0.4627 0.0737 0.4098 0.0208
1 0.2950  0.3700 0.0750 0.3277 0.0327
2 0.2970  0.3459 0.0489 0.3064 0.0094
2 3 0.2820  0.3379 0.0559 0.2993 0.0173
4 0.3250  0.4053 0.0803 0.3590 0.0340
5 0.3750  0.4580 0.0830 0.4057 0.0307
e[u(ACphe)]  0.0686 0.0243
e 0.0115 0.0087

This average offset is taken as an approximation of the effects of the computational
factors not accounted for yet and is thus treated as a “CFD simplification correction”.
Denoting this as e and subtracting it from the results corrected with (RBF), -f) gives

64



Cpc,rern—f—e = Cpc,RBFn—f — €RBFn (27)

This correction applied is shown in column 2 of Table 14. The TM correction data
and RBF’so-f-e correction data are now directly comparable, with much more realistic
differences displayed in column 3. These corrected values represent the final

approximated open air drag coefficient for each of these test configurations.

Table 14: Comparison of RBFs5o-f-e and two-measurement method drag results.

. Coc ACpc
Tunnel Vehicle
T.M. RBFs0-e T.M. - (RBFs0-e)

1 0.2973 0.3091 0.0118

2 0.2960 0.2909 -0.0051

1 3 0.2770 0.2742 -0.0028
4 0.3540 0.3554 0.0014

5 0.3890 0.3953 0.0063

1 0.2950 0.2957 0.0007

2 0.2970 0.2760 -0.0210

2 3 0.2820 0.2673 -0.0147
4 0.3250 0.3327 0.0077

5 0.3750 0.3822 0.0072

u 0.0000

o 0.0104

These added terms have implications on the difference in corrected drag
measurement between experimental tunnels. Table 15, an updated version of Table
11, again compares ACpcri-1, now with the e and f corrections applied to each
RBF, with average and standard deviation statistics displayed. These results

represent the final correction methodology
Cp,o = Cpcrern—f—e = Cpcq + ACp rirBrn — f — €RBFn (28)

Table 15: Resulting ACp¢11-12 values for each vehicle using each different correction

method, RBFs updated with the e and f corrections.

. ACDC T1-T2
Vehicle ’
q ™ RBF39 RBF10+10 RBFsg
1 0.0161 0.0022 0.0063 0.0145 0.0134
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2 0.0178  -0.0006 0.0024 0.0214 0.0149
3 0.0084  -0.0045 -0.0060 0.0126 0.0069
4 0.0323  0.0293 0.0248 0.0231 0.0226
5 0.0372  0.0139 0.0179 0.0144 0.0132
u 0.0224  0.0081 0.0091 0.0172 0.0142
o 0.0120  0.0137 0.0123 0.0047 0.0056

We can now perform an overall assessment of the new correction. The average
and standard deviation were the two metrics this paper set out to reduce as compared
to the TM method. It is important to note that, as previously stated, reducing the
spread of the data is just as, if not more, important than reducing the mean, since a
mean offset can be accounted for in a straightforward manner. However, since the

data set is small, it is important to analyze both metrics.

The first key takeaway is that this RBF39 and RBF’5o do, indeed, improve the
metric values overall (compared to the TM metrics). RBF39 and RBF'sy are seen to
have different strengths: the more balanced RBF39 has a lower average tunnel-to-
tunnel discrepancy, but the sparseness of the data leads to a higher standard
deviation; in contrast, RBFs5o has a low standard deviation due to the fact its
underlying data is more densely populated near the PC1 values for the two tunnels
considered here, but the lack of uniform sampling leads to a higher average
discrepancy. On balance, RBF'sy is the best-performing correction due to the low
standard deviation of discrepancies across the 5 test vehicles. Its standard deviation

is 69% lower than that of the TH method results, with an average 15% lower.

The second key takeaway is that these results support the idea mentioned earlier
that the differences in RBF3) and RBF’s) indicate that sampling at the density of
RBF’sp near the extremums of PC1, but across the whole parameter space, would lead
to a “best of both worlds” correction function which would likely have low average

discrepancy and low standard deviation.

The final key takeaway is that it may be more efficient to create densely sampled
tunnel-specific correction functions rather than a universal correction function. The
performance difference between RBFp+10and RBFsis a small 17 count difference

in the average variation; the standard deviations are nearly equal. This means that,
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within this experimental data set, most of the value of RBF5¢lies within the RBF'19+10
samples, with very little benefit added by the 30 others. Since the number of
automotive wind tunnels that would employ these corrections is few, focusing
computational efforts on the tunnel-specific parameter space would certainly

provide a much larger return on the investment.

3.4.1 Uncertainty Quantification

The uncertainty in the correction function stems from several sources which
come into play throughout this correction methodology. These are:

(1) Using simplified models rather than detailed, ACp parametric—detaited:

quantified in Fujs and Defoe [12] as <0.0001 when f factor is applied.

(i1) Grid independence: quantified in Fujs and Defoe [12] as 0.0027 for the

grid level used in this study.

(i)  Function interpolation: Uinterpoiari > quantified by (24) as 0.0072

(where the average d, for RBFs relative to the experimental data is
0.354 shown in Table 12).

(iv)  CFD error — steady RANS turbulence model and discretization error:

assumed zero based on consistency across all simulations

The uncertainty attributed to (iv) is unable to be quantified in this paper, as doing
so would require comparison to higher-fidelity results. However, simulations using
RANS have been shown to undershoot the expected experimental drag coefficient
by upwards of 5% whereas higher fidelity hybrid-LES methods are shown to
overshoot by a more modest 2% [24].

The uncertainties of a single correction evaluation for RBFs9 can be traced
through the constituents of Cpcrprso—f-e I (28). Cpcq 1is derived from
experimental data and therefore carries no correction uncertainty. ACp r; rprso, the
RBF correction, is essentially created through pairs of simulations of simplified

vehicles which are used to populate the parameter space through

ACD,Ti = CD,O - CDC,q,Ti- (19)
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Uncertainty sources (i1) and (iv) apply to each computation made. The subtraction
of the results of these computations carries uncertainty source (i), which is made
negligible through the application of f. The then interpolation of the ACp, r; samples
to create ACp 1; rprso carries uncertainty source (iii). The application of egpgpsg is
simply a data shift to make RBF corrected values more comparable to TM corrected
values and therefore carries no additional uncertainty. In total the uncertainty of a

single RBFsq correction is expressed by

— 2 2
UCpcrBFn-c — \/zugrid + Uinterpolation (29)

which equates to 0.0081. This is an estimation of the ability of this correction
methodology to define the same open road value for Cp, for a vehicle tested in any
wind tunnel (within the set parameter ranges), disregarding the minor measurement
uncertainty found in wind tunnels themselves. This has implications on the final
metric for RBF performance based on the corrected drag variation found for the
same vehicle measured in different wind tunnels. Since this correction is applied

twice, the value of uncertainty must also be applied twice through

_ 2
Urotal = \/zuCDC,RBFSO—f—e (30)

where Uryeq; 15 the uncertainty in the final ACpc rprsor1-12 Metric, equivalent to
0.0115. This value can be compared to the statistics for RBFso shown in Table 15.
The uncertainty is slightly smaller than the average difference of 0.0142, which
shows that the computed uncertainty itself'is credible, especially given the small size
of the data set explored. The standard deviation on the other hand being less than
the uncertainty, 0.0056, lends some confidence to the results being representative of

the explored parameter space.

3.5 Conclusions and Future Work

In this paper, a new methodology for open-jet wind tunnel drag coefficient
correction was introduced, based on CFD simulations of simplified parametric
models of vehicles and wind tunnels. By simulating vehicles both in a wind tunnel

domain and open road domain, correction functions were generated using radial
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basis functions. The best performing function, RBF'sy, yields an average variation in
the corrected drag coefficient measured for the same vehicle in different wind
tunnels of 0.0069+0.0043, an improvement compared to the 0.0081+0.0137
achieved with the state-of-the-art TM correction — a decrease of 15% to the average
and a very significant 69% improvement to the data spread. The idea of a universal
correction function, as explored with RBF’9, was found to be achievable, as even
this sparsely populated parameter space was able to achieve similar results to the
TM method. However, a more densely populated parameter space would likely

prove beneficial.

It is clear that the CFD-based data-driven approach taken in this paper to deriving
drag coefficient corrections is useful: even the modest data set used shows
improvement. In an industrial setting, this new methodology at minimum can
achieve performance as good or better than the TM method, without needing

additional physical measurements.

Higher fidelity CFD and a greater number of samples would only be expected to
improve the correction function further. Assessment against additional experimental

data would also be useful.
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CHAPTER 4
SUMMARY, CONTRIBUTIONS, AND FUTURE WORK

4.1 Summary

Many simplified automotive models have been created and studied for use in
automotive aerodynamic research. However, the lack of balance between
dimensional variability and aerodynamic accuracy for each of these models relative
to production vehicles made certain geometrical studies impossible. This gap

motivated the work underlying this thesis.

Chapter 2 presented two novel general automotive models which are more
capable of representing the wide range of real-life geometries compared to all other
models in the literature. The first is for open-jet wind tunnels, and the second is for
production vehicles. The vehicle model encompasses most passenger vehicles, with
the exception of pickup trucks. The models are designed simply enough to allow for
continuous geometric variability. This quality allows for application of the models
to a wide range of typical shapes, all while maintaining an accurate qualitative
representation of both production vehicles and open-jet wind tunnels respectively.
These models are also provided as open source, allowing any user to access or

recreate them.

4.2 Contributions

Contributions can be derived from the objectives outlined in section 1.1 of this

thesis, as follows:

Contribution 1. Developed new simplified models for vehicles and open-jet
wind tunnels capable of retaining accurate drag measurements while maintaining

full dimensional variability.

The wind tunnel model shows an excellent qualitative comparison to real tunnel
geometry. The wall surfaces line up nearly exactly. The vehicle model also shows
similar quality relative to real vehicle geometry. However, curvature elements suffer
from the sparse input parameters. A comparison of simulated flows around the

simplified model relative to a detailed one shows that similar qualitative flow around
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the vehicle is achieved, with slight differences in separation causing most of the
differences. The vehicle model is shown to be capable of predicting the drag
measured by its detailed model counterpart solely based on its own drag

measurement, with nearly 100% accuracy.

Contribution 2. Demonstrated a new wind tunnel correction methodology based
on simulations of simplified models in open road and wind tunnel domains that
decreases the average variation in corrected drag coefficient between different wind

tunnels for the experimental data set.

Open road and wind tunnel simulations using the simplified models from
Chapter 2 were computed for 50 samples across the parameter space. Radial basis
functions were used to generate the correction functions from these sample
simulations. RBFso, the correction function based on the largest available sample
set, performed the best, yielding an improved average variation in the corrected drag
coefficient measured for the same vehicle in different wind tunnels of
0.0069+0.0043 over the 0.0081+0.0137 achieved through the state-of-the-art
correction. This equates to a 15% decrease to the average and a 69% decrease to the

data spread.

4.3 Future Work

The work done in this thesis presents some consistent shortcomings regarding
sample sizes. Since the available data was limited, in regard to both detailed models
and experimental data, assumptions were made that the small data sets would be
somewhat representative of larger ones. Therefore, it is important to verify these

works with additional data as follows:

1. Test the parametric models against additional detailed models
2. Use a larger experimental data set to create the RBF
3. Add further samples to underlying RBF to gauge correction

improvement

Additionally, since steady RANS simulations were used throughout the thesis, it
is important to verify the effects of higher fidelity CFD on all results.
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APPENDIX 2A
Fixed Parameters for Tunnel Model
Several parameters used to describe the parametric wind tunnel model are held

constant relative to the length of the test section, minimizing necessary input

parameters for the purpose of simplification. They are described in this section.

'0.663L
0.423L
—@ @
@ - *——
0.473L
Figure A 1: Top half-view of the symmetrical nozzle
0.6271L
] 0.423L
0.077L

0.4541

Figure A 2: Side half-view of the symmetrical nozzle

Figures A1 and A2 show the sketches used to create the profile of the nozzle. It
is symmetric in nature, only requiring dimensions on half of the sketch. The nozzle
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is made using b-splines, described in the text as complex curves made up of
combinations of flexible bands that are controlled by control points [12]. The
curvature is based on Bézier curves, which are often used to approximate real-world
shapes whose mathematical representation is unknown [12]. These control points,
along with construction lines fashioned between them can be seen in red and yellow,
respectively, in Figure A1. Through manipulation of these points and lines, a real-
world wind tunnel nozzle was accurately approximated. At the extreme control
points, the b-spline has tangency to their respective connected construction lines.
Using this detail, the extreme construction lines of the spline were constrained to the
horizontal direction, so as to achieve a smooth transition into the upstream and
downstream areas of the tunnel. A short flat region, shown by the dimension 0.077L
in Figure A2, was added as an additional detail of the real-world nozzle. The control
points were dimensioned relative to the nozzle exit point, which is governed by the
nozzle depth dimension, Dn. The completed sketches can then be used to cut out
sections from a block that bounds the entire volume of the final nozzle, leaving only
the nozzle.
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Figure A 3: Front view of the nozzle
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Figure A3 describes the nozzle entrance dimensions in both width and height, as

they are fixed relative to the nozzle exit dimensions.

1.16W,

H

. H, < 1.33H,

Figure A 4: Front view of the diffuser

Figure A4 describes the diffuser exit dimensions in both width and height, as

they are fixed relative to the diffuser entrance (collector) dimensions.

«0.625L > ‘7
I+ 00175L =
0.03L

Figure A 5: Bottom view of parametric tunnel

The remaining fixed dimensions are described in Figure AS, including the
lengths upstream of the nozzle and downstream of the diffuser, as well as the
thicknesses of the walls of both the nozzle and collector as they protrude into the

test section. The nozzle added to the downstream exit is also shown here, created
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using several 3-point b-splines with construction lines (as described in yellow in
Figure Al) that are fixed to the horizontal and vertical directions, with each
horizontal line being half the nozzle length. The downstream exit has width and

height dimensions equal to the collector.
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APPENDIX 2B
Fixed Parameters for Vehicle Model
Several parameters used to describe the parametric vehicle model are held

constant relative to the length of the vehicle, minimizing necessary input parameters

for the purpose of simplification. They are described in this section.

60°

Figure B 1: Side view fixed vehicle parameters, including spoiler.

The vehicle model is mainly designed using a subtractive technique. Sketches of
the negative space around the vehicle are used to cut away from a box that bounds
the entire body. All the curvature is designed using various b-splines, as described
in Appendix A. Figure B1 shows the sketch of the side profile of the vehicle,
including the spoiler. The sketch can be broken up into four different quadrants, all
described by separate b-splines that intersect the bounding box. The lower left
quadrant features a three-control-point b-spline while the upper left features a five-
control-point b-spline. These left quadrants model the front bumper, hood, and
windshield of the vehicle. The upper right quadrant features a five-control-point b-
spline (dimensioned as described in the body of the paper) while the lower quadrant
features a three-control-point b-spline, both connected by a flat area. These right

quadrants model the trunk shape and rear bumper.

The spoiler, also shown in Figure B1, is created relative to the curvature of the

trunk volume. Using a short line (whose exact length is irrelevant but chosen to be
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0.01¢) with ends coincident to the trunk spline, the region where the tangent of the
spline reaches 15 degrees below the horizontal can be found. Using this point, a
horizontal distance is applied to set the size of the spoiler. The upper surface is set
using a line that coincides tangent to the roof of the vehicle. The lower surface is set

using a line that coincides with the trunk below the spoiler point, at the given angle.

Figures B2 and B3 describe the sketches that model the regions cut to form the
respective top-view and front-view curvatures of the vehicle. These employ three-
point b-splines. The vehicle is symmetrical about the middle, and therefore only

needs dimensioning on a single side.

Figure B 2: Top half-view vehicle parameters - symmetrical
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Figure B 3: Front half-view fixed vehicle parameters — symmetrical
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Figure B 4: Wheel view vehicle parameters

Figure B4 shows the design of the wheel region, consistent for both front and

rear wheels. The inner circle represents the extruded wheel, the radius of which is
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set by the height of the wheel wells. An ellipse is designed around this circle so as
to represent the cutouts of the wheel well. Due to the symmetry of an ellipse, only
three strategic dimensions are needed to fully define it. In this case, these include
dimensions to the center, the first focus point, and the top, all relative to the ground
(represented by the horizontal construction line). This ellipse is not concentric to the
wheel in order to create a variation in the gap between the edges of the wheel and

the edges of the wheel well, as is seen in most passenger vehicles.

¢ =
& 10

Figure B 5: Side mirror parameters

Figure BS describes the sketch defining the toggleable side mirrors. The mirror
takes the shape of a half circle, with a line splitting it down the middle. Both halves
are extruded a distance of 0.05( perpendicular away from the vehicle, and the lower

half is extruded perpendicular towards the vehicle, up to the vehicle’s surface.
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APPENDIX 2C

Model Reference Dimensions

Table C 1: Independent reference dimensions for vehicles modelled with the

parametric vehicle model.

) Alfa
DriveAer ..
) ) Chrysler Romeo Minivan
Dimension Sedan o
200 [16] Giulietta Model
Model [1]
[17]
[ [m] 4.613 4.884 4.351 5.190
w/l 0.3800 0.3831 0.4132 0.3892
h/l 0.3074 0.3053 0.3367 0.3430
v/13 0.031 0.0285 0.0356 0.0400
or/l 0.187 0.2074 0.1818 0.1836
or/1 0.209 0.2232 0.1514 0.2241
hg/l 0.152 0.1425 0.1508 0.1524
hgr/l 0.152 0.1433 0.1512 0.1536
r/l 0.038 0.0300 0.0260 0.0350

Table C 2: Independent reference dimensions for tunnels modelled with the parametric

tunnel model.

Dimension Tunnel 1 Tunnel 2
L 20.42 17.58
wW/L 0.7299 0.6940
H/L 0.5337 0.6143
W, /L 0.3399 0.3982
H,/L 0.1909 0.2617
D, /L 0.0609 0.1991
W, /L 0.4258 0.4437
H./L 0.2657 0.3185
D./L 0.1878 0.1991

a 15 1
B 2.5 1
x 1.5748 -0.2900
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APPENDIX 3A

A.1 Breakdown of £ terms in dynamic pressure corrections (4)

&g = jet expansion correction

1 3
vz Ap2
Ec=T—
s | A*

t=0.36 (% + %) = tunnel shape factor [23]

v = vehicle volume
[ = vehicle length

Ay = vehicle frontal area

*

= = reduced nozzle cross-sectional area
1+£QN

Ay = nozzle cross-sectional area

&c = collector blockage correction

EWRg

Ec =

[(L — xy)? + RZ]

Ew = i—t’ (%D + 0.41) = wake blockage factor

R, = /2‘% = equivalent duplex collector radius

A = collector cross-sectional area
L = test section length

x), = distance from nozzle to vehicle center

&y = nozzle blockage correction

3
_ &nRy

gy =—""—
(RY + xy)?
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Ry = /ZA% = equivalent duplex nozzle radius

£gn = blockage correction for nozzle-method

xS:xM_

source point

£gp = blockage correction for plenum-method

N = o4,

l
2

P = 2T

( 1—x >
JxZ + R

Xs

3
(Ry +x3)2

A.2 Experimental vehicle reference dimensions

,A ) )
+ % = distance from vehicle center to

Table A 1: Reference dimensions for experimental vehicles

Dimension Vehiclel  Vehicle2 Vehicle3  Vehicle4  Vehicle 5

[ [m] 5.190 4.670 4.884 4.351 4.651

w/l 0.3892 0.3919 0.3831 0.4132 0.3997
h/l 0.3430 0.3148 0.3053 0.3367 0.3619
v/13 0.0400 0.0307 0.0285 0.0356 0.0368
or/!l 0.1836 0.2088 0.2074 0.1818 0.2131
ogr/!1 0.2241 0.2126 0.2232 0.1514 0.2004
hg/l 0.1524 0.1409 0.1425 0.1508 0.1707
hg/l 0.1536 0.1420 0.1433 0.1512 0.1752
r/l 0.0350 0.0218 0.0300 0.0260 0.0475
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Table A 2: Reference dimensions for experimental tunnels

Dimension Tunnell Tunnel 2

L 20.42 17.58
W/L 0.7299 0.6940
H/L 0.5337 0.6143

w,/L 03399  0.3982
H,/L 0.1909  0.2617
D,/L 0.0609  0.1991
W./L 04258 04437
H,/L 02657  0.3185
D./L 0.1878  0.1991

a 15 1
B 2.5 1
x 1.5748  -0.2900

A.3 Principal components as a linear combination of input parameters

PC1 = 0.2887L + 0.2887W — 0.2887H — 0.2887W,, — 0.2887H,,
— 0.2887D,, — 0.2887W, — 0.2887H, — 0.2887D,
+0.2887a + 0.2887p + 0.2887x

PC2 = —0.15821 + 0.3166w + 0.4507h + 0.3367v — 0.05280¢
— 0.23540, + 0.4436h; + 0.4361h, + 0.3362r

PC3 = 0.4306lw — 0.4514 + 0.0967h + 0.0269v + 0.364305 + 0.51990,
+ 0.2086hs + 0.2310h, + 31777

PC4 =-0.47351 + 0.0775w — 0.1701h — 0.5221v + 0.58400¢
— 0.13180, + 0.0367h; + 0.0639h,. + 0.3231r
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A.4 Resulting PC values for experimental configurations

Table A 3: PC values for experimental vehicle and tunnel configurations

Tunnel Vehicle PC1 PC2 PC3 PC4
1 2.875 -0.004 0.850 2.413
2 2.875 -1.926 -0.302 0.667
1 3 2.875 -2.342 0.804 0.774
4 2.875 1.173 -2.852 -0.040
5 2.875 3.099 1.500 1.012
1 -2.875 -0.004 0.850 -2.413
2 -2.875 -1.926 -0.302 0.667
2 3 -2.875 -2.342 0.804 0.774
4 -2.875 1.173 -2.852 -0.040
5 -2.875 3.099 1.500 1.012
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APPENDIX 4A

OPENFOAM SOURCE CODES

1.

‘Variables’ file referenced throughout other codes in this list:

refVelocity el

vehicleLength ...;

tunnellength ...;

frontalArea ce s

xMin #eval{-10*S$vehiclelLength};

xMax #eval{l6*S$SvehicleLength};

yMin 0;

yMax #eval{8*S$SvehiclelLength};

zMin 0;

zMax #eval{8*S$SvehiclelLength};

baseCellSize #eval{S$SvehicleLength/8.5};

xCells #eval{ceil (($xMax—-$xMin) /SbaseCellSize) };
yCells #eval{ceil ((SyMax-$yMin) /SbaseCellSize) };
zCells #eval{ceil (($zMax-$zMin) /SbaseCellSize) };
XMIN $xMin;

xMAX #eval {$xCells*SbaseCellSize+S$xMin};

yMIN $yMin;

yMAX #eval{SyCells*SbaseCellSize+SyMin};

zMIN $zMin;

zMAX #eval{$zCells*SbaseCellSize+S$zMin};
nLayersWall 10;

nLayerVehicle 10;

wallSpacingWall #eval{0.025/SbaseCellSize};
wallSpacingVehicle #eval{0.25/SbaseCellSize};
expRatioWall

#eval{pow(1l/$wallSpacingWall, 1/ ($SnLayersWall+1l)) };
expRatioVehicle
#eval {pow (1l/SwallSpacingVehicle, 1/ ($nLayersVehicle+1)) };

firstOrderIterations 3000;
secondOrderIterations 30000;

controlDict for all simulations:

FoamFile

{
version 2.0;
format ascii;
class dictionary;
location "system";
object controlDict;

}
finclude "fileModifiers/Variables"

application simpleFoam;

87



startFrom latestTime;

startTime 0;

stopAt endTime;

endTime $secondOrderIterations;
deltaT 1;

writeControl timeStep;

writeInterval 1000;
purgeWrite 1;
writeFormat ascii;
writePrecision 8;
writeCompression off;
timeFormat general;
timePrecision 8;
runTimeModifiable true;

adjustTimeStep no;

functions
{
fieldAverages
{
type fieldAverage;
libs ( fieldFunctionObjects );
writeControl writeTime;
timeStart feval { S$firstOrderIterations+2000
bi
fields ( p { mean yes ; prime2Mean yes ;

base time ; } U { mean yes ; prime2Mean yes ; base time ; }
)7
}

surfaceForces

{
type forceCoeffs;
libs ( "libforces.so" );
patches ( fullmodel );
writeControl timeStep;
writeInterval 1;

executeControl timeStep;
executelnterval 1;

P ps

U U;

pRef 0;
porosity no;

CofR (000 );
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liftDir (00 1);

dragDir (100 );
pitchAxis (01 0);
magUInf SrefVelocity;
1Ref SvehiclelLength;
Aref $frontalArea;
rho rhoInf;
rhoInf 1;

}

probes

{
type probes;
libs ( "libsampling.so" );

executeControl timeStep;
executelnterval 1;

writeControl timeStep;

writelInterval 1;

fields (p U mag(U) );

probelocations ( ( #eval { StunnelPlacement*-1 } O
1) ( #eval { ( StunnelPlacement*-1 ) - ( S$SvehicleLength*0.5
) } 01 ) ( #eval { ( StunnelPlacement*-1 ) + (
SvehicleLength*0.5 ) } 0 1 ) );

}
}

blockMeshDict for all computational domains:

FoamFile
{
version 2.0;
format ascii;
class dictionary;
object blockMeshDict;

}
finclude "fileModifiers/Variables"
convertToMeters 1;

vertices

(
($xMIN SyMIN $zMIN
($xMAX $SyMIN $zMIN
(SXMAX S$SyMAX S$zMIN
(SXMIN S$yMAX S$zMIN

—_ — — —

($xMIN SyMIN $zMAX
($xMAX SyMIN $zMAX
(SxXMAX S$yMAX $zMAX
(SXMIN S$yMAX $zMAX

—_— — ~— ~—
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hex (01 2 3 45 6 7)
(
SxCells
SyCells
$zCells
)
simpleGrading (1 1 1)
)7

edges
(
) ;

boundary

(
symmetry
{
type symmetry;
faces

(
(0 4 5 1)
)7

)
mergePatchPairs

(
)7

surfaceFeatureExtractDict for wind tunnel domains:

FoamFile
{
version 2.0;
format ascii;
class dictionary;
object surfaceFeatureExtractDict;
}
Walls.stl
{
extractionMethod extractFromSurface;
includedAngle 135;

geometricTestOnly yes;
intersectionMethod none;
subsetFeatures

{

openEdges yes;
nonManifoldEdges no;
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writeObj yes;

VehicleModel.stl
{

extractionMethod extractFromSurface;

intersectionMethod none;

includedAngle 135;
subsetFeatures
{

openEdges yes;

nonManifoldEdges no;

tolerance le-3;
writeObj yes;

5. surfaceFeatureExtractDict for open road domains:

FoamFile
{
version 2.0;
format ascii;
class dictionary;
object surfaceFeaturekExtractDict;

VehicleModel.stl
{

extractionMethod extractFromSurface;

intersectionMethod none;

includedAngle 135;
subsetFeatures
{

openEdges yes;

nonManifoldEdges no;
}

tolerance le-3;

writeObj yes;

6. snappyHexMeshDict for wind tunnel domains:

FoamFile

{

version 2.0;
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format ascii;

class dictionary;

object snappyHexMeshDict;
}
#includeEtc

"caseDicts/mesh/generation/snappyHexMeshDict.cfg"
#include "fileModifiers/Variables"

castellatedMesh on;

snap ony
addLayers on;
geometry

{

Inlet.stl {type triSurfaceMesh; name inlet;}

Outlet.stl {type triSurfaceMesh; name outlet;}

WallsSlip.stl {type triSurfaceMesh; name wallsslip;}

WallsNoSlip.stl {type triSurfaceMesh; name wallsnoslip;}

Fillets.stl {type triSurfaceMesh; name fillets;}

NShearl.stl {type triSurfaceMesh; name nshearl;}

NShear2.stl {type triSurfaceMesh; name nshear2;}

NShear3.stl {type triSurfaceMesh; name nshear3;}

ImportantAreal.stl {type triSurfaceMesh; name
importantareal; }

ImportantArea2.stl {type triSurfaceMesh; name
importantarea?2; }

VehicleRefinementBox4.stl {type triSurfaceMesh; name
vehiclerefinementbox4; }

VehicleRefinementBox5.stl {type triSurfaceMesh; name
vehiclerefinementbox5; }

VehicleModel.stl {type triSurfaceMesh; name fullmodel;}
}

castellatedMeshControls

{
maxLocalCells 10000000;
maxGlobalCells 80000000;
minRefinementCells 10;
maxLoadUnbalance 0.10;
nCellsBetweenLevels 5;
uselLeakClosure true;

features

(
file "Walls.eMesh";

levels ((#eval{0.02*S$tunnellength} 4));

file "VehicleModel.eMesh";
levels ((#eval{0.015*SvehiclelLength} 6));

)7

refinementSurfaces
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wallsslip
{
level (0 0);
patchInfo
{
type wall;
}
}
wallsnoslip
{
level (0 0);
patchInfo
{
type wall;
}

inlet

level (0 0);
patchInfo
{
type patch;

}

}

outlet

{
level (0 0);
patchInfo
{

type patch;

}

}

fullmodel

{
level (0 0);
patchInfo
{

type wall;

}

}

refinementRegions
{
wallsslip
{
mode distance;
levels ((#eval{0.01*S$tunnellLength} 3));
}
wallsnoslip
{
mode distance;
levels ((#eval{0.01*S$tunnellLength} 3));
}
fillets
{
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mode distance;
levels ((#eval{0.01*S$StunnellLength} 4));
}
nshearl
{
mode inside;
levels ((1 5));
}
nshear?2
{
mode inside;
levels ((1 4));
}
nshear3
{
mode inside;
levels ((1 3));
}
fullmodel
{
mode distance;
levels ((#eval{0.015*$vehicleLength}
6) (#eval{0.15*$vehiclelLength} 5) (#eval{0.4*Svehiclelength}
4));
}

vehiclerefinementbox4

mode inside;
levels ((1 4));
}
importantareal
{
mode inside;
levels ((1 1));
}
importantarea?
{
mode inside;
levels ((1 2));

}

locationInMesh (0 0 3);
locationsOutsideMesh ((0 0 -3));
allowFreeStandingZoneFaces false;

}

snapControls

{
nSmoothPatch 3;
tolerance 4.0;
nSolvelIter 50;
nRelaxIter 10;
nFeatureSnaplter 20;

implicitFeatureSnap false;
explicitFeatureSnap true;
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multiRegionFeatureSnap false;

addLayersControls

{

relativeSizes true;

expansionRatio $expRatioWall;
firstLayerThickness $wallSpacingWall;

minThickness 1E-20;

layers
{
wallsslip
{
nSurfacelayers S$nLayers;
}
wallsnoslip
{
nSurfacelayers S$nlLayers;
}
fullmodel
{
nSurfacelayers $nlLayers;
expansionRatio S$SexpRatioVehicle;
firstLayerThickness S$wallSpacingVehicle;

}

nOuterIter S$nlayers;
nLayerIter 10;
nRelaxedIter 20;
nMedialAxisIter 200;
nGrow -1;

featureAngle 130;
nSmoothNormals 3;
nSmoothThickness 10;
nSmoothSurfaceNormals 1;

additionalReporting true;

meshQualityControls

{

maxNonOrtho 70;
maxBoundarySkewness 20;
maxInternalSkewness 4;
maxConcave 80;

minVol 1E-13;
minTetQuality 1E-30;
minArea 1E-13;

minTwist 0.02;
minDeterminant 0.0005;
minFaceWeight 0.05;
minVolRatio 0.01;
minTriangleTwist 1E-13;
minFlatness 0.5;

95



nSmoothScale 4;
errorReduction 0.75;
minVolCollapseRatio 0.5;

relaxed

{
maxNonOrtho 75;
maxBoundarySkewness 20;
maxInternalSkewness 4;
maxConcave 180;
minVol -1;
minTetQuality -1;
minArea -1;
minTwist -1;
minDeterminant -1;
minFaceWeight -1;
minVolRatio -1;
minTriangleTwist -1;
nSmoothScale 4;
errorReduction 0.75;

debugFlags
(
) ;

writeFlags
(
layerSets
layerFields
) ;

mergeTolerance le-6;

snappyHexMeshDict for open road domains:

FoamFile
{
version 2.0;
format ascii;
class dictionary;
object snappyHexMeshDict;
}
#includeEtc

"caseDicts/mesh/generation/snappyHexMeshDict.cfg"
#include "fileModifiers/Variables"

castellatedMesh on;

snap on;
addLayers on;
geometry

{
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VehicleModel.stl {type triSurfaceMesh; name fullmodel;}

VehicleRefinementBox4.stl {type triSurfaceMesh; name
vehiclerefinementbox4; }

VehicleRefinementBox5.stl {type triSurfaceMesh; name
vehiclerefinementbox5; }

OpenAirRefinementl.stl {type triSurfaceMesh; name
openairrefinementl; }

OpenAirRefinement2.stl {type triSurfaceMesh; name
openairrefinement?2; }

OpenAirBoundaryBox.stl {type triSurfaceMesh; name
openairboundarybox; }

}

castellatedMeshControls

{
maxLocalCells 10000000;
maxGlobalCells 80000000;
minRefinementCells 10;
maxLoadUnbalance 0.10;
nCellsBetweenLevels 10;
uselLeakClosure true;

features

(

file "VehicleModel.eMesh";
levels ((#eval{0.015*SvehiclelLength} 6));

)7

refinementSurfaces
{
air
{
level (0 0);
patchInfo
{
type patch;
}
}

ground
{
level (0 0);
patchInfo

{
type wall;
}

inlet

level (0 0);
patchInfo
{

type patch;
}
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outlet
{
level (0 0);
patchInfo
{
type patch;
}
}
fullmodel
{
level (0 0);
patchInfo
{
type wall;

}

}

refinementRegions
{
fullmodel
{
mode distance;
levels ((#eval{0.015*SvehicleLength}
6) (#eval{0.15*SvehicleLength} 5) (#eval{0.4*SvehiclelLength}
4));
}

vehiclerefinementbox4

mode inside;
levels ((1 4));
}
openairrefinementl
{
mode inside;
levels ((1 1));
}
openairrefinement?2
{
mode inside;
levels ((1 2));

}

locationInMesh (0 O $vehicleLength);
locationsOutsideMesh ((0 0 -1));
allowFreeStandingZoneFaces false;

}

snapControls

{
nSmoothPatch 3;
tolerance 4.0;
nSolvelter 50;
nRelaxIter 10;
nFeatureSnapIlter 20;
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implicitFeatureSnap false;
explicitFeatureSnap true;
multiRegionFeatureSnap false;

addLayersControls

{

relativeSizes true;

expansionRatio S$SexpRatioWall;
firstLayerThickness $wallSpacingWall;

minThickness 1E-20;

layers
{
ground
{
nSurfacelayers $nlayersWall;
}
fullmodel

{
nSurfacelayers S$nLayersVehicle;
expansionRatio S$expRatioVehicle;
firstLayerThickness $wallSpacingVehicle;

}

nOuterIter $nlayersVehicle;
nLayerIter 10;

nRelaxedIter 20;
nMedialAxisIter 200;

nGrow -1;

featureAngle 130;
nSmoothNormals 3;
nSmoothThickness 10;
nSmoothSurfaceNormals 1;

additionalReporting true;

meshQualityControls

{

maxNonOrtho 70;
maxBoundarySkewness 20;
maxInternalSkewness 4;
maxConcave 80;

minVol 1E-13;
minTetQuality 1E-30;
minArea 1E-13;

minTwist 0.02;
minDeterminant 0.0005;
minFaceWeight 0.05;
minVolRatio 0.01;
minTriangleTwist 1E-13;
minFlatness 0.5;
nSmoothScale 4;
errorReduction 0.75;
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minVolCollapseRatio 0.5;

relaxed

{

maxNonOrtho 80;

maxBoundarySkewness 20;
maxInternalSkewness 6;

maxConcave 180;

minVol -1;
minTetQuality -1;
minArea -1;
minTwist -1;

minDeterminant

-1;

minFaceWeight -1;

minVolRatio -1;
minTriangleTwist -1;
nSmoothScale 4;
errorReduction 0.75;

debugFlags

(
)7

writeFlags

(
laye

rSets

layerFields

)7

mergeTolerance le-6;

First order fvSolution:

FoamFile
{
version 2.0;
format ascii;
class dictionary;
location "system";
object fvSolution;
}
solvers
{
P
{
solver GAMG;
smoother DIC;
tolerance le-06;
relTol 0.05;
}
Phi
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solver GAMG;

smoother DIC;
tolerance le-06;
relTol 0.01;
}
"(U|lk|omega)"
{
solver PBiCGStab;
preconditioner DILU;
tolerance le-05;
relTol 0.1;
}
}
SIMPLE
{
consistent yes;
nNonOrthogonalCorrectors 2;
nCorrectors 2;
residualControl
{
P le-05;
"(Ulk|omega)" le-05;

}

relaxationFactors

{

fields

{
P 0.3;
pFinal 1;

}

equations

{
"(Ulk|omega)" 0.7;

"(Ulk|omega)Final" 1;
}
potentialFlow

{

nNonOrthogonalCorrectors 10;

}

9. First order fvSchemes:

FoamFile

{
version 2.0;
format ascii;
class dictionary;
location "system";
object fvSchemes;
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}

ddtSchemes
{

default steadyState;
}
gradSchemes
{
default celllLimited leastSquares 1;
}
divSchemes
{
default none;
div (phi, U) bounded Gauss upwind;
div (phi, k) bounded Gauss upwind;
div (phi, omega) bounded Gauss upwind;
div ((nuEff*dev2 (T (grad(U))))) Gauss linear;
div (div (phi,U)) Gauss linear;

}

laplacianSchemes

{

default Gauss linear corrected;

}

interpolationSchemes

{

default linear;
}
snGradSchemes
{
default corrected;
}
wallDist
{
method meshWave;

}

10. Second order fvSolution:

FoamFile

{
version 2.0;
format ascii;
class dictionary;
location "system";
object fvSolution;

}

solvers
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solver GAMG;
smoother DIC;
tolerance le-06;
relTol 0.05;
}
Phi
{
solver GAMG;
smoother DIC;
tolerance le-06;
relTol 0.01;
}
"(U|lk|omega)"
{
solver PBiCGStab;
preconditioner DILU;
tolerance le-05;
relTol 0.1;
}
}
SIMPLE
{
consistent yes;
nNonOrthogonalCorrectors 2;
nCorrectors 2;
residualControl
{
P le-05;
"(Ulk|omega)" le-05;

}

relaxationFactors

{

fields

{
P 0.3;
pFinal 1;

}

equations

{
"(Ulk|omega)" 0.9;

"(Ulk|omega) Final" 1;
}

potentialFlow
{

nNonOrthogonalCorrectors 10;

}

11. Second order fvSchemes:
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FoamFile

{

version 2.0;
format ascii;
class dictionary;
location "system";
object fvSchemes;
}
ddtSchemes
{
default steadyState;
}
gradSchemes
{
default celllLimited leastSquares 1;
}
divSchemes
{
default none;
div (phi,U) bounded Gauss limitedLinear O;
div (phi, k) bounded Gauss limitedLinear O;

div (phi, omega)

(
(

div ((nuEff*dev2 (T (grad(U)))))
(

div (div (phi, U))
}

laplacianSchemes

{
default

}

interpolationSchemes

{
default

}

snGradSchemes

{
default

}

wallDist

{
method

}

limitedLinear O0;
Gauss linear;

bounded Gauss

Gauss linear;

Gauss linear corrected;

linear;

corrected;

meshWave;
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