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Shape Optimisation of Vehicles for Crosswind Stability Using Neural Networks
AMANDA SJOLAND

Department of Mechanics and Maritime Sciences

Chalmers University of Technology

Abstract

Recent advances in computational power and the availability of large labelled data
sets have contributed to the progress and interest in deep learning. One product
development area associated with vast amounts of data is aerodynamics and previous
studies have successfully applied neural networks to predict aerodynamic coefficients.
The aerodynamic development process for a passenger vehicle usually focuses on the
aerodynamic drag force and the lift force, with air flow coming head on. Fewer efforts
are spent on investigating how all aerodynamic forces and moments are affected by
strong crosswinds. It is excepted that the aerodynamic lift and side force together
with the yaw moment affect driving stability. Furthermore, driving stability issues
are often discovered late in the development process and methods for assessing this
issue virtually are desired. Thus, a method for investigating the optimal shape
changes of a passenger vehicle to minimise crosswind sensitivity was developed.
Simulated data was created by generating 120 CAD models, each with a unique
configuration of five design parameters: amount of corner filler below the roof spoiler,
length and height of roof spoiler and the width and length of the back-light. A CFD
simulation was performed on each configuration with a flow-angle of 7.5° and a
driving velocity of 100 km/h. Three neural networks were trained to predict the
drag, rear lift force and the yaw moment, respectively. The effect of each design
parameter was studied, as well as the optimal configuration for minimising each
coefficient. A genetic algorithm was used to find the settings for minimising yaw-
moment and rear lift force, while retaining other coefficients within set requirements.
The final design was estimated to decrease the yaw moment by 4.15 %, but due to the
small variation of yaw moment in the generated data set, the results are uncertain.
The optimal design to minimise C g achieved a decrease of 0.0185 in rear lift.

Keywords: neural networks, CFD, stability, yaw moment, rear lift force, genetic
algorithm.
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1

Introduction

1.1 Background

The artificial neuron, a simplified version of its biological counterpart, was first
described in the 1940’s by McCulloch and Pitts [1]. By connecting these artificial
neurons into a network, Rosenblatt found a novel way to process information [2].
Recent advances in computational power, as well as the availability of large labelled
data sets, have contributed to the progress and interest in deep learning (DL). In
the automotive industry, DL "is paving the way for the delivery of unprecedented
automotive innovations that will disrupt the status quo and deliver an enriched user
experience' [3]. What comes to mind for most are the advances in autonomous
driving, but this type of technique is also expected to influence data-driven product
development [3].

One product development area associated with vast amounts of data is aerodynam-
ics. The aerodynamic development process for a passenger vehicle usually focuses
on reducing the aerodynamic drag force and sustaining the lift forces at the front
and rear axle within levels of requirement. Fewer efforts are spent on investigating
how the aerodynamic forces and moments are affected by strong crosswinds. While
driving during these conditions, issues with stability may arise which results in an
unpleasant experience for the driver. Problems associated with driving stability are
often discovered late in the development process, and more research is needed on
how they can be prevented [4]. However, it is assumed that the aerodynamic yaw
moment and rear lift force greatly affect the stability [4,5]. By introducing DL
techniques, effective shape optimisation can be performed to find design parameters
related to the significant vehicle motions affecting the driving stability at crosswinds.

Shape optimisation with computational fluid dynamics (CFD) can be done by man-
ually updating design parameters after each simulation is finished, but this is a time
intensive and therefore costly procedure. These problems can be circumvented by
creating a surrogate model, or meta-model, in the form of a deep neural network,
which approximates the results from the CFD solver. Previous studies have success-
fully predicted aerodynamic coefficients using neural networks, with both numerical
and visual input [6-9]. Wallach et al. [6] present four benefits to incorporating a neu-
ral network based meta-model in conceptual studies for aerodynamic performance of
aircrafts, which apply equally to the automotive industry: possibility to interpolate
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results for a larger population than traditional CFD, increased size of possible search
space due to faster computational time, possibility to accumulate knowledge from
an increasing number of project through adaptive learning algorithms and lastly,
the ability to use multiple input sources, supplementing the CFD results with data
from wind tunnel experiments or driving tests. The first two points, concerning in-
terpolation and increased search space, provide the possibility of effectively finding
the optimal set of input parameters for a desirable output.

While there are a number of previous studies proving that neural networks are a
feasible method for calculating aerodynamic coefficients, like in aerodynamic devel-
opment as a whole, the main focus of these studies has been on air flow meeting
the vehicle head on [6,8,9]. Most research is focused on understanding how the
aerodynamic drag is affected by design changes. Fewer studies have been conducted
on how the design changes affect the aerodynamic yaw moment and rear lift force
under crosswinds. By exploring less prominent domains where CFD and neural net-
works intersect, this project could shed light on design solutions to problems rarely
discovered in the virtual development process, namely the sensation of instability
when the vehicle is subjected to strong crosswinds.

1.2 Objective and aim

The main aim of this thesis is to combine the fields of deep learning and aerodynam-
ics to develop a method for investigating the optimal shape changes of a passenger
vehicle to minimise crosswind sensitivity. The objectives are to:

Generate simulated training data

Create and optimise a neural network
o Find the optimal design configuration

Investigate how the design affect aerodynamic yaw moment and rear lift force

1.3 Demarcations

In the generation of the simulated data, only steady-state aerodynamic simulations
will be run since transient crosswind simulations are too time consuming within
the scope of this thesis. Furthermore, the number of iterations is limited to 3000
runs for each CFD simulation, to save time. Finally, the CAD model of the vehicle
has been simplified from the original version with closed front and wake regions on
the under-carriage blocked off by surfaces. Both these measures are done to reduce
volume cell count and increase simulation speed.
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Theory

The thesis uses concepts from experimental design, fluid mechanics, computational
fluid dynamics, artificial neural networks and optimisation algorithms to create a
method for finding the optimal shape improvements.

2.1 Design of Experiments

The design of the computer experiments determines how accurately and efficiently
the effects of the multiple design parameters, as well as the effects of their inter-
actions, can be predicted. In a computer experiment, the sampling method has to
account for the deterministic output of the simulations and how time-consuming
computational fluid dynamic simulations can be [10]. Furthermore, one would like
designs for computer experiments to be space-filling when prediction accuracy over
the entire experimental region is of primary interest, meaning that the generated
designs should spread values evenly over the ranges of the parameters [10].

2.1.1 Latin Hypercube Sampling

Latin Hypercube Sampling (LHS) was presented as a method to use for selecting
input values for simulations [11]. Figure 2.1a shows a simple case with a unit square
[0,1]? as the experimental region and consisting of five points. Each axis is divided
into five rows or columns, and the five samples are selected so that each row and
column is represented once. However, it is not guaranteed that the design is space-
filling over the entire experimental region, as shown in Figure 2.1b.

By maximising the minimal distance between points, no two points will be too close
to each other which ensures a spread over the experimental region. This is known
as maximin design [10].
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(a) Space-filling design. (b) Non-space-filling design.

Figure 2.1: Latin Hypercube Design with five points with a unit square [0,1]? as
the experimental region.

2.2 Fluid mechanics

The forces that oppose the forward motion of a passenger vehicle at constant speed
on a flat road come primarily from the aerodynamic drag and the rolling resistance
of the wheels [12]. Aerodynamic drag is defined as

1

and becomes the dominant force when the speed of the vehicle exceeds 65-80 km /h
[12]. Cp is the drag coefficient, A is the projected frontal area of the vehicle, p is
the density of air and V' is the speed of the vehicle relative to the air. The lift and
side forces are similarly defined as

1 1
Fp = 5,ov2ACL and Fg = §pV2ACS

where C'p and C'g are the lift and side force coefficients respectively. When evaluating
the stability of the vehicle, both yaw and pitch moments have to be considered.
Pitch, roll and yaw moment are defined as
1 1 1
Mp = §pV2ACpML, MR = §PV2ACRML and My = ipVZACYML

respectively, where L is the wheel base of the vehicle and Cpys, Cryr and Cy s are
the pitch, roll and yaw moment coefficients respectively.

2.3 Computational Fluid Dynamics

Computational Fluid Dynamics is a branch of fluid mechanics where numerical anal-
ysis is used to solve and analyse problems involving the flow of fluids. The domain

4
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is discretised into finite volumes and the governing partial differential equations,
concerning the conservation of mass and momentum, are solved for each volume.
The governing equations are also known as the Navier-Stokes equations. Time aver-
aging these equations and assuming the mean flow is steady results in the Reynolds
Average Navier-Stokes equations (RANS). The continuity equation is written as

ov;

and the momentum equation as

ouv;  Op 9 [ 06 Oy ——

The final term in the momentum equations is called the Reynolds stress tensor and
represents the turbulence of the flow. This term needs to be modelled in order to
close the system of equations. The governing equations can then be solved for the
computational domain, and any forces acting on a body in the flow can be calculated
from the pressures and friction on the nodes adjacent to the body.

2.3.1 Turbulence model

The Boussinesq assumption introduces a turbulent viscosity, v, to model the Reynolds
stresses in RANS equations. The Reynolds stresses are expressed as

ov;  0v; 1. —
= Vt<8$j * 8:):2) - g(sijvll“v;“

which means that the RANS momentum equation is rewritten as

o, O 0 o5 0%,
P or, ~ om0 <(“t+“)(axj+axi>>-

In the realisable k—e turbulence model, the turbulent viscosity is modeled by solving
two partial differential equations representing the transportation of turbulent kinetic
energy, k, and the dissipation of turbulent kinetic energy, e. The modelled equation

for k reads
ok (0w onNon 0 [(, w)ok
vj@:}:j_yt Or; Oz, ) Ox; ¢ Ox; v oy ) Oz,

and the modelled equation for € is

N LAY R N AR S
j@xj B k e 8:6]- 8;1:1 81:j €2k 8$j O &cj )

The turbulent viscosity is computed with the formula

k'2
Mt = Cup?

where ¢, is not a constant. This formulation prevents unphysical behaviour.

5
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2.3.2 Convergence

To successfully obtain accurate simulation results, the numerical results must have
achieved convergence. For convergence to be obtained, the residuals, i.e. the mea-
surement of conservation of the flow properties, have to be small and the quantities
of interest must have reached stable values [13]. The limit for when the residuals
are deemed small enough is usually set as a numerical value a key residual has to go
below, or when a set number of iterations has been reached. This means that it is
not certain that the results have converged if the number of iterations are too few.
This can be evaluated by studying the fluctuations, for example by calculating the
moving average numerical value but always starting from a set iteration number.
This technique would show if the average result was still increasing at the iteration
limit.

2.4 Artificial Neural Networks

Neurons are the fundamental units of computations in the mammalian brain. These
neurons form networks in the brain to process data and the data-processing capacity
of the networks can be improved by "establishing reconnections between neurons'.
These biological neural networks have inspired the creation of artificial adaptations
where the fundamental principle of reconnection between computational nodes is
realised. An artificial neural network can learn to recognise patterns in a set of
data, known as a training set, and later discern these patterns in a new data set.

Input Hidden Output
layer layer layer
H,

Figure 2.2: Schematics of a neural network with one hidden layer.

A network consists of an input layer, an output layer and a number of hidden layers
between these two, as shown in Figure 2.2. In a feedforward network, the input
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signals are propagated forward through the network where they are transformed
by the weights and thresholds of each layer. The learning of the network is done
by increasing och decreasing the strength of the signal between neurons through
updates to the weights and thresholds, based on how far the output is from being
correct. The difference between the output from the network and the actual output
can be determined with the mean square error (MSE) as the loss function. This is
calculated as

n;3

where n is the number of outputs from the network, y; is the actual value and O;
is the networks prediction. The decision to activate at all is done by an activation
function, similar to the biological behaviour of neurons. For a function approxi-
mation network, the most common choices are the sigmoid or hyperbolic tangent
curves. These curves estimates a probability of whether the neuron should activate
or not, given the weights, threshold and current input.

It is important to note that while neural networks provide excellent results as uni-
versal function estimators or image classifiers, their performance can only be as good
as the data they are trained on. This means that any bias or uncertainty present in
the training set will be reflected in the model it produces [14].

2.4.1 Hyperparameters

For the network to be able to properly make predictions on data it has not been
trained on, the hyperparameters need to be correctly tuned. The hyperparameters
are the framework for the network which the network cannot learn by itself through
training. These mainly include the number of layers, how many nodes each layer
will contain, the learning rate, activation function and which optimiser to use. The
layout of the network affects whether the network will be able to produce non-linear
responses, but too many layers can lead to overfitting and a decrease in accuracy
for new data. To prevent overfitting, different regularisation techniques can be
employed.

2.4.1.1 Regularisation

As the number of neurons in a neural network increases, the risk of overfitting also
rises. If the weights in the neurons are allowed to grow too large, the network will
have larger responses too smaller changes, making the network less robust and more
susceptible to noise. This can be prevented by introducing weight-decay schemes
which reduces the weight during training, which makes the network better at gen-
eralisation. One common scheme is known as L, regularisation, which introduces
an additional term when computing the energy function that determines how the
weights should be updated.
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2.4.1.2 Hyperband

There are many different methods for selecting the best hyperparameters, such as
grid search and the superior random search. In 2018, the Hyperband method was
conceived as an extension to the random search where adaptive resource alloca-
tion and early-stopping were implemented [15]. The Hyperband algorithm trains
a large set of random configurations for only a few iterations; the configurations
with the best performances are allowed to run longer. The schedule for how many
iterations each network is allowed to run for is determined by two settings: the
maximum number of iterations a network is allowed to train for and the fraction of
configurations that are discarded in each round. This hyperparameter optimisation
algorithm is formulated as a pure-exploration non-stochastic infinite-armed bandit
problem where a predefined resource is allocated to randomly sampled configura-
tions and has been shown to have an order-of-magnitude speedup over other popular
optimisation schemes.

2.5 Genetic Algorithm

Inspired by the process of evolution, a genetic algorithm can be used to solve optimi-
sation problems by introducing the concepts of generations, cross-breeding, mutation
and survival of the fittest to the set of possible solutions. A set of suggested solutions
is called a population, which can be initiated as random values. The performance
of the individuals in the population is evaluated with a fitness function and each
individual is given a fitness score. The fitness function reflects the optimisation
problem at hand. The score is used to determine which solutions should survive and
generate offsprings. The population of the next generation is created by combining
the values of the most fit individuals of the previous generation. To introduce new
possible values the individuals can have, mutation is implemented to randomly al-
ter a number of values among the new population. The algorithm is run for a set
number of generations, or until a satisfactory fitness score is reached.
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Methods

The method for finding the optimal design changes can be split into three sections:
the generation of the simulated data, building the neural network and finding the
optimal shape. The workflow is depicted in Figure 3.1, where the main output from

each section is highlighted.

Generate Simulated Data

Select Design Parameters

|

Design Configurations

|

Create CAD Models

|

Run CFD Simulations

|

Build Neural Network

Process Data

Compile Simulated Data —

|

Tune Hyperparameters

|

Train Network

|

Optimise Shape

Run Genetic Algorithm

|

Process Results

|

Analyse Optimal Shapes

Save Model

Figure 3.1: Flowchart of the method for finding the optimal design changes.

3.1 Generate Simulated Data

The method for producing the CFD simulation results followed the current workflow
used by the aerodynamic group at CEVT, with additional steps to create a design
space suitable for a simulated data set.
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3.1.1 Design Parameters

Five design parameters were selected: the length and height of the roof spoiler trail-
ing edge, the width and length of the back-light and the area covered on the side of
the back spoiler sometimes referred to as corner filler. The maximum and minimum
values of the parameters spans the design space and are defined as the distance
from the original position in millimetres, see Table 3.1. These design changes were
selected since they were thought to be important for stability. The vehicle is a per-
sonal vehicle that needs to respect some design requirements. Hence the different
designs were set to lie within reasonable limits.

Table 3.1: Selected design parameters with maximum and minimum allowed
changes from original position.

Design Parameter | Minimum Value [mm] | Maximum Value [mm]

Length of roof spoiler 0 100
Height of roof spoiler -5 30
Length of back-light -20 40

Width of back-light -10 50

Corner filler -160 160

(a) Minimal setting. (b) Maximal setting.

Figure 3.2: Minimal and maximal change to length of roof spoiler.

(a) Minimal setting. (b) Maximal setting.

Figure 3.3: Minimal and maximal change to height of roof spoiler.

10
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(a) Minimal setting. (b) Maximal setting.

Figure 3.4: Minimal and maximal change to corner filler.

B

(a) Minimal setting. (b) Maximal setting.

Figure 3.5: Minimal and maximal change to length of back-light.

(a) Minimal setting. (b) Maximal setting.

Figure 3.6: Minimal and maximal change to width of back-light.

3.1.2 Design Configurations

The configurations of the design parameters were selected using latin hypercube
sampling (LHS) with a maximin distance design to provide accuracy in the predic-
tions. By designing the experiment with LHS, the number of simulations can be

11
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kept at a minimum, while still filling the experimental region which is necessary
for a training a network. Implementation of LHS was done in Python, where the
input were the extreme values of each parameter and the number of designs. The
output was a text-file with 120 combinations of the five parameters spaced out to
fill the design space. The number of designs was set to 120 due to limitations in
computational resources.

3.1.3 CAD Models

The base model of the car was the Lynk & Co 01 developed by CEVT. The model
was slightly altered to decrease cell count and speed up simulation time. The mod-
ifications included sealing off less interesting fluid regions, basically wake regions
between the under-body and the top hat and also blocking off the cooling flow. 120
different versions of this vehicle were created using the morphing and optimisation
tools in Beta CAFE’s software Ansa. The optimisation tool was used to input the de-
sign parameters, which would use morphing to create the new version. The models
were exported as surfaces, as part of the current CFD workflow at CEVT.

X
N

(a) Morphing box enclosing the (b) Morphing box for adjusting the
back-light. corner filler.

Figure 3.7: Placement and design of morphing boxes in green.

3.1.4 CFD Simulations and Data Compilation

The CFD simulations used a mesh created in Sharc’s software Harpoon with set-
tings similar to the regular side wind CFD analysis at CEVT following the sidewind
method proposed by S. Gabriel [16], but adapted to fit the scope of the thesis. This
was done to keep the focus on the deep learning, and not on the mesh or CFD
in general. Furthermore, the setting of the simulations were selected to promote
quick convergence. The turbulence model was the realisable £ — ¢ model with a
non-equilibrium wall function, run for 3000 iterations. The wind speed was set to
100 km/h in the x—direction and at a flow angle, ¢, of 7.5°, with the coordinate
system shown in Figure 3.8. The angle was chosen to be large, but still within rea-
sonable limits of expected on-road crosswind conditions [4]. Figure 3.8 also depicts
a representation of the computational domain, not to scale, which has inlets on two

12
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sides and outlets on two sides. The inlets were both velocity inlets with the same
magnitudes in the x- and y directions. Both outlets were defined as pressure outlets.
The domain is larger on the two sides opposite the inlets as to not have the wake
interfere with the boundaries. The simulations were run in ANSYS’ software Fluent
(version 19.0.0). To highlight the irregularity of wakes during side wind, Figure 3.9
shows the iso-surface where the total pressure is zero.

Inlet Side

Inlet Outlet

Outlet Side

Figure 3.8: Definition of flow velocity and flow angle ¢ in a representation of the
domain (not to scale).

Figure 3.9: Wake regions from a simulation on the unmodified vehicle showing an
iso-surface where the total pressure is zero.

The 120 CFD simulations were run on a Linux cluster with 432 nodes, where each
run, including meshing, took less than four hours. To account for fluctuations, the

13
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calculated forces and moments were averaged over the last 500 iterations. The data
set was then compiled with the design parameters and corresponding results from
the CFD simulations.

3.2 Neural Network

The neural networks act as surrogate models for the CFD solver in this optimisation
process. With a limited set of simulated training data, the hyperparameters need to
be precisely tuned for the network to be able to accurately predict the aerodynamic
response to a novel set of design parameters. Three networks were constructed
to each calculate an aerodynamic coefficient, specifically Cp, Cpr and Cyj;. The
networks were built in Python using PyTorch, an open source machine learning
framework developed by Facebook’s Al Research lab.

3.2.1 Process Data

To make the learning of the network more flexible and to keep the learning rate
for the different input values similar, the values of the design parameters were nor-
malised with respect to each parameter. Only three of the six aerodynamic coeffi-
cients were used as targets for the neural networks. The drag and rear lift, i.e. Cp
and CLr both have set limits the coefficients cannot exceed, which have to be con-
sidered when performing design changes. Cpg is also interesting for stability. The
yaw moment, Cy;, was selected since it can act as a proxy for perceived instability
during strong crosswinds [4]. This means that three networks, each with five inputs
and one output, were created. From the original 120 simulations, 117 design were
kept for the data set. The three removed cases had coefficients orders of magnitude
from the rest of the numerical result, which indicates problems with convergence in
the CFD simulation. From these 117 simulations, 80 % was selected for the training
set and the remaining 20 % was the validation set.

3.2.2 Hyperparameters

To select the parameters the network is unable to learn by itself, the Hyperband
algorithm was used. This algorithm was used to find a combination of parameters
to minimise the loss in the validation set. Five parameters were evaluated: number
of layer, number of neurons in each layer, activation function, learning rate and
regularisation. This was implemented using the Hypersearch library which connects
to the PyTorch. The input parameters for the Hyperband were set to 1 000 iterations
to maximally train the network for and to discard 37.5 % of the configurations each
round. Table 3.2 presents the search scope for each hyperparameter. A uniform
distribution was used to sample from any hyperparameter expressed as an interval.

14
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Table 3.2: Evaluated hyperparameters with corresponding search scope.

Hyperparameter \ Tested
Number of layers [1,4]
Neurons Hidden Layer [5,200]
Activation Function Sigmoid, Tanh
Ly Regularisation Hidden Layer [1e-8,1e-5]
Learning Rate [1e-3,8e-3]

3.2.3 Train Network

The three forward-feeding fully connected networks were trained for 1 000 iterations
using a RMS loss function. Between each layer was a Ly regularisation layer to coun-
teract the effects of overfitting. The training was integrated into the Hypersearch
Python library.

3.2.4 Network Validation

To investigate the reliability of the surrogate model, the predictions on the validation
set can be compared to the observed values. The difference between the models
output and the target value is known as the residual (not to be confused with the
residuals of a CFD simulation). By studying the residuals from the networks, the
validity of the model can be assessed. To make residuals comparable for the different
forces, they can be standardised by dividing each value with the standard deviation.
It should be noted that it would be better to divide the data set into three sections:
training, validation and test set, and perform these tests on the test set. However,
due to the small number of data points, no test set was created.

3.3 Optimal Shape

With a complete surrogate model for the CFD solver in the form of three neural
networks, the task was to find the optimal combination of design parameters to
minimise the yaw moment, while maintaining the lift and drag forces within the
limits. A genetic algorithm was used to search within the design space.

3.3.1 Genetic Algorithm

The algorithm was implemented in Python with the number of generations and
the number of individuals in each generation as inputs. The output was the most
fit individual, meaning the combination of inputs with the best fitness score. The
fitness was calculated as the actual yaw-moment or rear lift force, which was set to
a very large number if the drag and lift was not within the limits. The individuals
with the lowest fitness score, defined as the actual yaw moment or rear lift intended
to be minimised, were selected for crossbreeding. A fitness score combining Cly
and Crr was also used to find the Pareto front.

15
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A random population, each individual with five design parameters set between 0
and 1, was generated to initiate the algorithm. Each generation consisted of 1 000
individuals with 600 of them crossbreeding each iteration. Random mutation was
added to 100 of the crossbred individuals for one of the five design parameters. The
random mutation was done by randomly adding a value between 0 and 0.5 if the
selected parameter was larger that 0.5, and subtract the same value if the parameter
was smaller than 0.5. The algorithm was run for 10 000 generations.
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4

Results and Discussion

With the aim of combining the fields of supervised learning and aerodynamics, a
method was devised with the purpose of investigating design changes and their
affect on crosswind sensitivity. This method, as well as the results it produces, are
presented and discussed.

4.1 Neural Network Layout and Hyperparame-
ters

Two of the three networks built ended up with two hidden layers, which could
be argued is not deep learning, but it is sufficient to model any function. The
third network, for predicting Cy s, had three layers. All networks had the sigmoid
activation function as the best choice. Regularisation was also utilised in each layer.
The number of layers, the learning rates as well as the final validation loss of the
networks after training are all shown in Table 4.1. The validity of the networks is
discussed in the next section.

Table 4.1: Evaluated hyperparameters with corresponding search scope.

Hyperparameter \ Ch \ CLr \ Cym
Neurons Hidden Layer 1 16 85 46
Neurons Hidden Layer 2 67 44 27
Neurons Hidden Layer 3 - - 74
Learning Rate 0.00568 0.00322 0.00649
Validation Loss 3.9085e-05 | 1.9635e-05 | 2.2865e-06

4.2 Neural Network Validity

The three networks are able to detect the trends in their respective data set.
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4. Results and Discussion

4.2.1 Network for predicting CpA

The most accurate predictions are generated by the network for Cp, though they
are worse than results from previous studies [6]. However, that study was done on
an aircraft that was not subjected to side wind. An aircraft is in most regions an
aerodynamic body without big wake regions. This study on the other hand deals
with a bluff body with large wake regions and diffuse areas of separation. To make
things even harder, it deals with side wind. The complex wake regions are illustrated
in Figure 3.9.
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Figure 4.1: Evaluation of network performance on validation set for C'p A.
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Figure 4.2: Evaluation of network performance on training set for CpA.

The relationship between the observed and the predicted values are shown in Figure
4.1 with the linear regression plotted in red. The trends between the targets and
the predicted values are very similar, and while a root mean square error of 0.00284
is still low, it is perhaps not useful for telling the exact value of CpA. It could
nonetheless be used for telling if a design change will increase, or decrease, the
aerodynamic drag, which was its purpose. The residuals, shown in Figure 4.1, for
the validation set show that there is a possible outlier, but otherwise the residuals
are evenly distributed, indicating no prominent bias in the model. To ensure that
the trends are not only present in the validation set, the prediction performance is
compared to that of the training set, which is shown in Figure 4.2. The same trend is
clearly present, but with a slight overestimation for lower values and underestimation
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4. Results and Discussion

for larger values of Cp A, further establishing the model for Cp A as a reliable proxy
for the CFD simulations. From Figure 4.2, the spread is also similar to that of the
validation set.

4.2.2 Network for predicting Cpp

When calculating the rear lift forces, the predicted values, in comparison to the
observed, show an underestimation at low target values and an overestimation at
larger values. This means that there is a trend, but precise values will not be
obtained. This behaviour is displayed for both the training and validation sets in
Figures 4.3 and 4.4. It is also clear that the validation set contained fewer values
of high Crg. From the residuals, shown in Figures 4.3 and 4.4, no clear bias in the
residuals are present. The root mean square error for the validation set is 0.00406.
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Figure 4.3: Evaluation of network performance on validation set for Cpp.
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Figure 4.4: Evaluation of network performance on training set for C'pg.

4.2.3 Network for predicting Cy

The poorest prediction results belong to an important aerodynamic coefficient for
driving stability and, thus, for this thesis: Cyj;. In the training set, there is a clear
overestimation of low values, and an underestimation for larger values, as shown in
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4. Results and Discussion

Figures 4.5 and 4.6. Since the total span for possible values of Cy,; is very small,
the design changes could be too small for the yaw moment to change significantly.
This would put the changes at the same order of magnitude as the errors for Cy s
in the CFD simulations, meaning the the neural network tries to predict noise. The
standardised residuals also show a large spread, as seen in Figure 4.5 and 4.6. Since
there is a small discernible trend in the predictions, the model will still be used
for finding the optimal configuration of design parameters, but the value of the
suggested solution should be questioned.
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Figure 4.5: Evaluation of network performance on validation set for Cy ;.

Prediction of Cy s Stéandardised Residual of Cy s

— X X XXX
0.058 2 X%

< < 1 x X X
N 7 <R %
D l:d 0 XX x*x
ol o} Xx
g 0056 g XX S X
g 2 -1 xRN
B < XX X
O 0.054 T 2 X

g X

wn _3 X

0.054 0.056 0.058
Predicted Cy s

0.054 0.056 0.058
Predicted CYM

Figure 4.6: Evaluation of network performance on training set for Cy ;.

4.3 Design Parameters

By evaluating how much each design parameter affect the three selected aerodynamic
coefficients, guidelines for design changes can be created. The surrogate model is
built from data generated with a 7.5° flow angle and a 100km/h head on wind
speed, so generalisation to other setting should be done carefully. Most coefficients
show a near linear relation to changes in the design parameters. While varying one
parameter, the rest were kept at the baseline.
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Figure 4.7: The relationships between the design parameters and each coefficient.

Studying the first column in Figure 4.7, the individual effects from the design pa-
rameters on CpA can be evaluated. It is clear that the corner filler and length of
the roof spoiler have the smallest effects. Increasing the length of the back-light de-
creases C'p A, but not by much. The two parameters with the largest effects are the
height of the roof spoiler and the width of the back-light. The drag is increased with
an increased height of the roof spoiler and the drag decreased when the back-light
is made wider, possibly due to a clearer separation at the outer edge of the lamp.

In the middle column in Figure 4.7, the effects on rear lift force are found. Here the
least effective parameter is the width of the back-light. The importance of the roof



4. Results and Discussion

spoiler, both in terms of length and height is evident. It is also evident that there
has to be a trade-off for the height of the roof spoiler, since it greatly affects both
CDA and C LR-

The final column shows how the yaw moment changes with the design parameters.
Even with the most effective design parameter, namely the length of the back-light,
little change in yaw moment is achieved. Interesting to note is that the yaw moment
increases when all the design parameters are extended.

4.4 Optimal Design

Since there are distinguishable trends for the drag and rear lift, these networks
could be used to indicate if a design change would increase or decrease Cp or Cpg.
However, since the effects on Cyj; from the selected design parameters were very
small, results are less certain.

By investigating a grid of configurations of the design parameter, the combinations
used to minimise the coefficients can be found. This accounts for the interaction
of the design changes. It also highlights which parameters are important for each
coefficient. The Pareto-front for minimising both Cy,; and Cpg is shown in Figure
4.8. This hightlights the trade-off between these coefficients.

Pareto-front

0.02
0.015
5
O
0.01 %
x&&
X
0.005
0.055 0.0555 0.056

CY M

Figure 4.8: Pareto front showing the relationship between yaw moment and rear
lift force.

4.4.1 Minimising Cyp

Minimising the rear lift can be done by having a taller and longer roof spoiler, which
was expected. The remaining three design parameters are less important for Cpp,
but the general guidance is to decrease the corner filler and increase the length and
width of the back-light. Using the genetic algorithm, the optimal configuration is
shown in Table 4.2. This configuration accounts for the baseline values of both Cp A
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and Cy ;. The design parameters are in extreme positions for the length of the roof
spoiler, as well as the corner filler. These settings results in a 0.0185 decrease in
CrLr. The configuration is shown in Figure 4.9.

Table 4.2: Design parameters with optimal change from original position to min-
imise rear lift.

Design Parameter | Optimal Value [mm]

Length of roof spoiler 99.17
Height of roof spoiler 19.3
Length of back-light -8.0

Width of back-light 23.9

Corner filler -158.5

L/ ‘ L/ -~
(a) Current design. (b) Optimal design for minimising
CLr, while maintaining baseline
levels of CpA and Cy .

Figure 4.9: Comparison between baseline design and the optimal design for min-
imising rear lift force.

4.4.2 Minimising Cy s

Reaching the lowest values of Cy); comes at the cost of both CpA and C1 gz and do
not fulfil the requirements put on these coefficients. To minimise the yaw moment,
the roof spoiler needs to be low and short. The back-light needs to have a short and
narrow shape. Interesting to note is that the yaw moment seems to be independent
from the corner filler parameter. This behaviour was also shown in Figure 4.7.

Using the genetic algorithm to search the design space, the suggested solution, to
minimise the yaw moment while keeping the drag and rear lift forces below the
baseline, is quite different from the one not considering the other coefficients. The
exact suggestions are shown in Table 4.3, but the validity of these are questionable
considering the poor performance of the neural network for predicting Cy,,;. The
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solution presented by the genetic algorithm produces a 4.13% lower yaw moment.
The optimal configuration is shown in Figure 4.10

Table 4.3: Design parameters with optimal change from original position to min-
imise yaw moment.

Design Parameter | Optimal Value [mm]

Length of roof spoiler 43.4

Height of roof spoiler 2.3
Length of back-light -18.9

Width of back-light 6.8
Corner filler -151.2

Lo/ - ‘ a7/ -
(a) Current design. (b) Optimal design for minimising
Cy v, while maintaining baseline
levels of CpA and Cpp.

Figure 4.10: Comparison between baseline design and the optimal design for min-
imising yaw moment.

4.4.3 Minimising CpA

To minimise Cp, the surrogate model suggests maximally lowering the roof spoiler,
and increasing its length, but the latter is of less importance. The same goes for
the corner filler parameter, which has little effect on the drag. The back-light has a
clear effect, and the design should extend the shape in both width and length. These
results, when considering the interaction between all the parameters, correspond to
the results from Figure 4.7, which only considers one design change at a time.

4.5 Ethics and Sustainability

The main concern while operating within the transport industry is the environmental
impact a design change can have. By moving parts of the development process from
physical tests to a virtual setting, possible errors could not only be detected earlier,
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4. Results and Discussion

but also at a lower environmental cost. Furthermore, it turned out that the suggested
best design to minimise the yaw moment was correlated to a larger drag force than
the original design, which decrease the efficiency of the vehicle and, thus, impact the
climate negatively. By putting a limit to these aerodynamic forces, a design can be
determined which minimises yaw or rear lift force, but not at the cost of increasing
drag or rear lift beyond what is acceptable.
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Conclusion

This thesis combined the fields of deep learning and aerodynamics to investigate the
difficult field of side wind simulations on a complex bluff body. The selected design
parameters proved to have a small effect on the yaw moment at a 7.5° flow angle,
which was reflected in the predictions from the neural network. Better prediction
performances were received from the networks estimating the aerodynamic drag and
rear lift forces, since the design changes had larger effects on these parameters. The
genetic algorithm successfully identified the best configuration for minimising the
predicted C g and Cyj;. This thesis underscores the complexity of side wind sim-
ulations, and to fully investigate the stability of the car, transient fluid simulations
need to be coupled to vehicle models, further adding complexity to the analysis.

For future work, the main area of interest would be to find design parameters as-
sociated with greater effects on the yaw moment. By investigating a larger set of
design variables, and perhaps not only in the rear of the vehicle, more effective
measures for improving the stability performance could be found. It would also be
of interest to investigate how the size of the simulated data set affects the predic-
tion performance. If a method could be devised for utilising existing simulations,
without a rigid set of input variables, much could be learnt without the need to
create new data. Lastly, this work has contributed to greater understanding of how
to utilise neural networks as a key part of aerodynamic development. Most of the
work, both for morphing the CAD and feeding the neural networks was automated
by creating different scripts. The same methodology could easily be used for similar
or other aerodynamic problems. It is believed that this way of working could be
very beneficial within aerodynamic development of vehicles.
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