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Abstract

This report investigates the mathematics used to design and implement optimal strategies for solar
powered cars participating in solar racing events. It focuses mostly on solar powered cars competing in
the Cruiser Class of the World Solar Challenge, in which the optimal strategy has to optimize a given
score model. This has been done by analyzing basic energy models that describe the behavior of a solar
powered car in order to draw conclusions on the importance of design parameters on a Cruiser car’s
scoring potential under different scoring systems. Specifically, the 2017 Cruiser class regulations have
been analyzed, and a model is described to optimize the number of occupants, number of charges and
the battery size used. In this report, conclusions are mostly drawn based on mathematical models, but
are also compared to the experiences of Cruiser Class participant Solar Team Eindhoven. Furthermore,
requirements are investigated to “balance” a Cruiser Class scoring model, and a small research project has
been conducted investigating optimal speed profiles under changing weather circumstances and different
energy models.
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Glossary

Adventure Class Competition class of the World Solar Challenge, which is described as “non-competitive”,
and consists of cars that either failed to drive the full distance or did not comply with the regula-
tions. This class has no winner.

Challenger Class Competition class of the World Solar Challenge, in which results are only determined
by finish time (thus speed). The cars have to be designed for one person, and are optimized for
speed.

Control Stop A mandatory thirty-minute stop that is located along the route. These control stops are
of importance in the way person-kilometers are counted. There are 9 control stops on the 2017
route.

Cruiser Class Competition class of the World Solar Challenge, in which results are not only determined
by the efficiency of the cars, but also by the number of occupants and a practicality judgment. The
exact scoring system varies edition to edition.

External energy usage Energy used by the solar car that has been gained by charging from the grid.

Person-kilometer The act of carrying a person in a solar powered car over a single kilometer. If a solar
car drives 100km with 5 occupants inside, 500 person-kilometers are earned.

Person-stage The act of carrying one occupant in the solar car over the length of a full stage.

Practicality judgment The judgment in which the practicality of Cruiser Car’s is assessed. This is
partly done by a judgment panel, and partly done by tasks such as fitting objects in the storage
space of a car.

Solar Team Eindhoven A team, consisting of 23 students from Eindhoven University of Technology,
that participates in the World Solar Challenge Cruiser Class.

Stage The stretch of road between two control stops, the start and the first control stop or the last
control stop and the finish. This is of strategic importance as it only viable to change the number
of occupants between stages.

Static charging Charging the battery via the solar panels while the car is stationary. This mostly
happens before the driving day, after the driving day and during control stops.

Stella The world’s first solar powered family car, built by Solar Team Eindhoven. Winner of the 2013
World Solar Challenge Cruiser Class.

Stella Vie The third solar powered family car, built by Solar Team Eindhoven. Winner of the 2017
World Solar Challenge Cruiser Class. The main topic for this strategy report.

Stella Lux The second solar powered family car, built by Solar Team Eindhoven. Winner of the 2015
World Solar Challenge Cruiser Class.

Stint The stretch of time in which a solar powered car’s battery is depleted, usually defined by one or
more driving days.

World Solar Challenge A biannual challenge for solar powered cars through the Australian outback.

Strategy for Stella Vie at the 2017 World Solar Challenge 3



Acronyms

EE Energy Efficiency score.

LTS Long Term Strategy.

MPPT Maximum power point tracker.

P-Km Person-kilometers.

STE Solar Team Eindhoven.

STS Short Term Strategy.

WFS Weather Forecast System.

WSC World Solar Challenge.
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Chapter 1

Introduction

1.1 World Solar Challenge

In 1984, Hans Tholstrup drove a solar powered car named “The Quiet Achiever” 4000km through the
Australian outback, from Perth to Sydney. The average speed was 23km/h. When faced with critics on
the deficiencies of his car, Tholstrup decided to organize the first World Solar Challenge in 1987. The
World Solar Challenge is a competition for solar powered vehicles across the Australian outback, organized
to stimulate innovation in solar powered cars. In this competition, participating teams drive their vehicle
across the 3022-kilometer-long Stuart Highway from Darwin and gather their energy predominantly from
a solar panel placed on the car.

Through the years, World Solar Challenge teams have created groundbreaking start-ups. For example,
Tesla was founded by one of the Stanford Solar Car Project alumni, and many alumni joined the electrical
car manufacturer in its beginning days. More recently, both Lightyear (founded by Solar Team Eindhoven
alumni) and Clenergy Team Arrow aim to build the world’s first commercial solar powered car. While
the early editions were won mostly by car manufacturers (General Motors and Honda won three of the
first four editions), in later years, the competition has been dominated by student teams. Student teams
have won the last nine editions of the World Solar Challenge.

The 2017 edition marks the 30-year anniversary and the thirteenth running of the event. In the 2017
event, teams participate in three different classes.

Figure 1.1: Challenger “Red Shift” of Solar Team Twente (left), and Cruiser “Blue.Cruiser” of HS-
Bochum Solar Car Team (right). Images courtesy of Bart van Overbeeke Photography. [16]

In this class, results are only determined by finish time (thus speed). The cars are optimized for
speed. Challenger cars generally only carry a single occupant, and do not focus on practicality.

Cruiser Class
In this class (first held in 2013) results are not only determined by the efficiency of the cars, but also by
the number of occupants and a practicality judgment. It could be described as the ”family and sports
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CHAPTER 1. INTRODUCTION

car class”. The precise scoring system varies from edition to edition. The Cruiser Class has only been
held for three times.

Adventure Class
This class is described as “non-competitive”, and consists of cars that either failed to drive the full
distance, cars that failed to drive the full distance within the set times, or teams that do not comply with
the current regulations. This class has no winner. Historically, the teams that participated in this class
differed, and steadily grew as more teams had to withdraw from the other classes.

1.2 Solar Team Eindhoven

Solar Team Eindhoven is a team from the Netherlands, that participates in the Cruiser Class. The team
first participated in the inaugural Cruiser Class in 2013 with a four-seater family car called Stella. This
was the worlds first solar powered family car. In the next edition in 2015, the team participated with
Stella Lux, a more efficient four-seater solar car. Solar Team Eindhoven have won the Cruiser Class in
both editions [3][5].

In 2017, the Cruiser Class regulations have changed considerably. Solar Team Eindhoven again has
taken part and won the 2017 Cruiser Class, with a five-seater family car named Stella Vie [7]. Since
early September 2016, Solar Team Eindhoven has been designing and building this car. This report will
discuss the strategic choices made while designing and competing with Stella Vie in the 2017 World Solar
Challenge.

Figure 1.2: “Stella Vie”, Solar Team Eindhoven’s entry for the 2017 Cruiser Class. Image courtesy of
Bart van Overbeeke Photography. [16]

Although this report might suggest the opposite, Solar Team Eindhoven’s mission is not only to
participate and win in the World Solar Challenge Cruiser Class: its goal is also to contribute to the
development of solar powered cars and their integration into society, and to showcase how far solar
powered technology has come: from Hans Tholstrup driving 23km/h in the first solar powered car to
building comfortable family cars that are theoretically capable of generating more solar energy than is
required in a commuter use case, even in the Netherlands. This so called “energy positivity” is one of
the key features of Solar Team Eindhoven.

1.3 Route information

The competition stretches 3022 kilometers, starting in Darwin and finishing in Adelaide. Along the route
there are nine control stops, located in small towns along the route, at which all teams are forced to hold
a thirty-minute stop. The cars are allowed to drive from 8:00 to 17:00 every day, except the first day, on
which the first qualified car is allowed to depart from 8:30.[8]
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CHAPTER 1. INTRODUCTION

Figure 1.3: The route [9] and altitude profile of the 2017 World Solar Challenge. On the left image, the
control stops are highlighted.

Altitude information
Based on GPS data from previous editions, Solar Team Eindhoven has constructed an elevation profile
of the route (see figure 1.3). The highest point on the route lies on 731.5m above sea level, just before
the Alice Springs control stop, while the start and finish of the World Solar Challenge are on sea level.

Control stops and stages
The 2017 World Solar Challenge route includes 9 control stops, positioned at the following locations. The
altitude of these control stops are of importance for strategic purposes, as will be discussed later. Table
1.1 lists the start, finish and all control stops in the 2017 World Solar challenge.

Table 1.1: The start, finish and control stops, with distance from start and elevation above sea level [9]

CS # Location Dist. from start (km) Elevation (m)
- Darwin 0 37
1 Katherine 317 107
2 Daly Waters 583 211
3 Tennant Creek 985 369
4 Barrow Creek 1210 513
5 Alice Springs 1494 576
6 Kulgera 1767 509
7 Coober Pedy 2178 221
8 Glendambo 2430 147
9 Port Augusta 2719 5
- Adelaide 3021 61

A stretch from the start to the first control stop, between two control stops or from the final control
stop to the finish will be called a stage. Hence the route is divided in 10 stages.

1.4 The 2017 Cruiser Class Regulations

In the 2017 regulations, several major changes have been made to the dimensions of the cars, scoring
model and competition goals. Below, they will be discussed.

Solar panel and dimensions
In the 2017 regulations, Cruiser cars may be 5m long and are allowed to have 5m2 (for Silicon cells)
of solar panels. This means that it is easier to incorporate the solar panels into the design of the car
compared to previous editions, where 6m2 of solar panels were allowed and the maximum length was
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4.5m.[4][6] Other types of solar cells are also allowed, and their sizes are chosen such that the nominal
output is approximately equal. Although in the Challenger Class, the differences in nominal output and
the aerodynamic advantages of having to incorporate a smaller solar panel into a car’s design are relevant,
the larger design space that Cruiser cars have seem to be of more importance.

Table 1.2: Allowed solar panel areas for Cruiser Cars [8]

Type Area (in m2)
Si 5.00
Thin film GaAs 4.44
Multijunction 3.30

Battery size
Another major change is that now Cruiser cars are allowed to choose their own battery size and are
allowed to charge as often as they want. However, the nominal energy capacity Q of a battery pack is of
importance for the scoring formula, and is calculated in the following way.

Q = mbatt · nbatt (1.1)

Here mbatt is the combined determined mass of all battery cells and nbatt is the nominal energy density,
defined in the following table:

Table 1.3: Nominal energy densities for battery types [8]

Type Density nbatt (in Wh/kg)
Li-S cells 330
Li-ion cells 250
Li-polymer cells 250
LiFePO4 cells 125

Competition concept
In the 2017 regulations, cars are required to finish on day 6 between 11:00 - 14:00 event time. This
corresponds with a minimal average speed of 18 to 19m/s (about 64 to 68km/h). Only times that finish
within this time window will be included in the final score. The cars that do finish on time will be graded
by the following score formula [8]:

S = 80 · EE

EEmax
+ 20 · P

Pmax

EE =
pkm

Q · (n+ 1)

(1.2)

Here EE is called the “energy efficiency” score, and n the number of charges done during the challenge
(excluding the full battery at the start of the challenge). P is the practicality score of the car, determined

by a judging panel. pkm is the number of person-kilometers gathered by a car: pkm =
∑10
i=1 pi · li, where

pi is the least number of occupants in the car at any point during stage i and li is the length (in km) of
stage i.

This scoring system is conceptually different from the Cruiser Class events held in 2013 and 2015,
as in these events battery size was fixed, and the speed of the Cruiser Cars contributed largely to the
calculated score. This means that much of the strategic work done by Solar Team Eindhoven for the
2013 and 2015 editions cannot be used for the 2017 edition, as will be discussed later.

1.5 Main Cruiser Class design choices

Aerodynamics versus aesthetics
The aerodynamics coefficient is lowered by carefully designing the outer shape of the car. P. Pudney
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elaborately describes the “guidelines” for aerodynamic optimization[14]. Although this may be subject
to debate, aerodynamically optimized vehicles tend not to be classified as beautiful, thus can result in a
lower practicality score. The optimal balance between aesthetics and score is being determined by the
scoring formula.

Weight reduction versus practicality
Another design choice has to be made with all kinds of practical features. For example, one may place
more comfortable chairs in the car, or upholster the dashboard, and increase the practicality score via
these features. However, this will increase the rolling resistance of the car, thus decrease the performance
of the car. The optimal balance between practicality and weight reduction is once again being determined
by the scoring formula. Furthermore, it also has to be noted that many of the practical features cost a
lot of effort to make, and manpower is not abundant in most solar teams during design and construction
of the car.

Number of occupants
Solar Team Eindhoven has not only built solar powered family cars out of strategic considerations; it aims
to show the world that solar powered cars with that many occupants are viable. However, this choice of
family cars does not necessarily mean that family cars are the best way of optimizing the score.

1.6 Project goals

The project is aimed at helping Solar Team Eindhoven in their goal of winning the 2017 World Solar
Challenge. For this we will analyze the effects of the 2017 Cruiser Class regulations, and advise Solar
Team Eindhoven on what kind of car to build to optimize their chances of winning the 2017 Cruiser
Class. Secondly, we will devise a strategy to maximize Solar Team Eindhovens winning chances. Lastly,
we will use our gathered knowledge to advise the World Solar Challenge on the effects of several types of
Cruiser Class regulations. To summarize, these are the project goals:

1. Analyze the 2017 Cruiser Class regulations and compare them to the regulations of previous editions.

2. Advise Solar Team Eindhoven on the effects that choices in the design of their solar car have on
winning the 2017 Cruiser Class.

3. Given the built car, optimize Solar Team Eindhovens winning chances during the World Solar
Challenge.

4. Advise the World Solar Challenge on the effects of several types of Cruiser Class regulations.

Note that the main emphasis of the report does not lie on the different strategies taken to optimize
the energy usage, as there already is plenty of work on that topic (see section 1.7), although some aspects
will be discussed in chapter 5. The main emphasis lies on tackling the extra challenges that the scoring
model of the Cruiser Class gives, both in design and strategy.

1.7 Previous work on this topic

There have been some publications on the topic of strategy for solar cars participating in the World
Solar Challenge. Peter Pudney of the Aurora team (winner in 1999 and a four time runner-up) has pub-
lished several works on modelling and optimizing energy usage for the World Solar Challenge [10][11][14].
Furthermore, similar works have been published based of the experiences of Solar Team Twente [13],
U.N.S.W. Sunswift [1] and the EFPL team [15]. It has to be noted that these three publications were
made of the experience of Challenger teams, and were published long before the inaugural Cruiser Class
edition in 2013. They are also useful for Cruiser Class teams as the energy usage modeling and op-
timization is also applicable on Cruiser cars. However, no previous work could be found on the score
optimization needed for Cruiser Class vehicles, presumably because of the marginal depth of the field
and the few editions that have taken place. That is where this report will mostly be focusing on.
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Chapter 2

Modelling and understanding
regulatory effects on major design
choices

The change in regulations from edition to edition requires an analysis on what kind of car to build. In
this chapter, the new regulations are analyzed and compared to past regulations, in order to understand
the effects of certain design choices for a team’s performance. Within Solar Team Eindhoven, this is
called the parameter analysis.

2.1 Introduction to a simple energy model

In order to fully grasp the effects of different kinds of regulations, a simplistic model is created. The
model described below aims to help understanding consequences of different regulations and aiding design
decisions on the basis of these equations. For this, we assume a solar car to be driving on a 3022km
straight road with constant wind and a constant solar yield. This is the most basic solar model that we
will discuss, but it turns out that even such a simplistic model is helpful in analyzing different scoring
models.

2.1.1 Parameters taken into account

Listed below are the main parameters on which a Cruiser Class car is being examined:

• cdA: drag coefficient (in m2). Technically this is split into drag coefficient cd (unit-less) and frontal
area A (in m2) but for energy usage purposes only cd ·A is of relevance.

• m: the mass of a car (in kg)

• crr: the rolling resistance coefficient (unit-less)

• np: the maximum number of occupants (unit-less)

• dbatt: the energy density (in Wh/kg) of battery cells.

• ed: the drive train efficiency (unit-less), the fraction [0, 1] of electrical losses in the system.

• Paux: the auxiliary power used to power the car’s systems (in W)

• es: the solar panel efficiency (unit-less)

• As: the solar panel area (in m2)

• P : the practicality score of the car (unit depends on scoring system)

12 Strategy for Stella Vie at the 2017 World Solar Challenge



CHAPTER 2. MODELLING AND UNDERSTANDING REGULATORY EFFECTS ON MAJOR
DESIGN CHOICES

2.1.2 Energy equations

In this model, we will use basic energy formulas to describe the energy usage of the cars. To begin with
the air and rolling resistance[17]:

Rair(v, w) =
1

2
· ρ · cdA · (v − w)2 (2.1)

Rroll = crr · g · (m+ 80 · np) (2.2)

Here, Rair and Rroll are the air and rolling resistance in N respectively. The weight of a person is
modelled as 80kg as lighter drivers or passengers have to carry sand bags up to 80kg. Furthermore, w
is the windspeed normalized in the driving direction (tailwind speed) in m/s (for this purpose, negative
tailwind equals headwind), v is the speed of the solar car in m/s, g = 9.81m/s2 is the gravitational
constant and ρ = 1.184kg/m3 is the density of air. Please note that these formula’s only apply if
(v−w) > 0 and v > 0 as both the cdA value and direction of the force are determined for positive speed
and airspeed only.

Eaux =

∫ T

0

Paux(t)dt (2.3)

With T being the total time the car is running and Eaux in J . So we know that for the energy used
during the world solar challenge:

Eused =
1

ed

∫ x

0

(Rair(v(x), w(x)) +Rroll)dx+ Eaux (2.4)

Here, x = 3022 · 1000m is the driving distance and Eused in J . The energy usage is divided by ed to
simulate the electrical losses. Note that, as the World Solar Challenge both starts and finishes at sea
level, we will for now exclude Eheight = ∆h · (m+80 ·np) ·g as ∆h ≈ 0. To get a basic grasp of the energy
models, we are going to assume that v, w and Paux are constant. This might not be entirely accurate, as
higher speeds and higher motor outputs generally lead to greater losses. This leads to:

Eused =
x

ed
· (Rair(v, w) +Rroll) + (

x

v
+ tcs) · Paux (2.5)

Note that T = x
v + tcs, where tcs is the total time spent at control stops. For the solar energy gained, we

use a basic, so called “flat plate model” [18]:

Esolar =

∫ T

0

Psolar(t)dt = es ·As ·
∫ T

0

I(t)dt (2.6)

Here Esolar is expressed in J , I(t) the solar irradiance in W/m2. Again, if we assume I(t) is constant,
we can write:

Esolar = T · I · es ·As = (
x

v
+ tcs) · I · es ·As (2.7)

Here, I (in W/m2) is the solar irradiance and can vary. The average solar irradiance in October in
Australia, as will be explained later on in section 4.1.1, is about 700W/m2. We can write the energy
gained from external sources in the following way:

Eexternal = nc ·mbatt · dbatt · 3600 (2.8)

With Eexternal in J . Here mbatt is the mass of the battery cells, and 3600 the conversion factor from Wh
to J . nc is the number of charges from the grid, including the full battery at the start of the challenge.
Please note that in the 2017 regulations, this term was referred to as “n+ 1”.

Over the duration of the challenge, the used energy should be equal to the energy gained, thus
Eused = Egained = Esolar−Eaux+Eexternal. Filling in the derived formulas yields the following equation:

x

ed
· (1

2
·ρ ·cdA · (v−w)2 +crr ·g · (m+80 ·np)) = (

x

v
+ tcs) · (I ·es ·As−Paux)+nc ·mbatt ·dbatt ·3600 (2.9)
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DESIGN CHOICES

This equation describes how all important design parameters relate, and it proves to be quite useful in
understanding the consequences of the changes in the regulations.

Although it is impossible to exactly determine the practicality score P of a car in advance (as it is a
jury contest), we can compare the importance of the practicality scoring to the “efficiency” parameters,
as this relationship mainly determines “efficiency vs practicality” decisions that all Cruiser teams must
make.

2.1.3 Spread in practicality judgment scores

As one will read further on in this report, modelling and understanding the speed or energy usage of a
car is relatively easy, due to the closer link to the laws of physics. However, modelling practicality scores
is harder, as the exact judgment protocol has never been publicized before the event, and there is always
a strong “human” factor in these scores. However, we can take a look at the past practicality scores,
and try to understand the order of magnitude in the differences between the practicality scores. We aim
to both analyze all participating cars and the competitive cars. Note that the sample size is very small.
In the table below all scores are normalized to the best score, as has been done in all three editions of
the Cruiser Class. Here one has to note that the 2017 results have been added to the tables later on for
completeness. In the 2013 and 2015 competitions, cars that scored a total score of > 90% compared to
the winning car are considered “competitive” for this purpose. In the 2017 edition, due to the limited
number of finishers, all cars that finished in time are considered “competitive”. These cars happen also
to be the top cars in the speed or efficiency categories of that year.

Sample size Best Worst Average St. dev
2013 8 1 0.570 0.829 0.135
2015 11 1 0.423 0.661 0.186
2017 13 1 0.420 0.648 0.207

Table 2.1: Differences in practicality scores over the years considering all participating cars [3][5][7]

Sample size Best Worst Average St. dev
2013 3 1 0.801 0.929 0.111
2015 3 1 0.612 0.855 0.211
2017 3 1 0.587 0.856 0.234

Table 2.2: Differences in practicality scores over the years considering “competitive” cars [3][5][7]

First of all, one may notice that “competitive” cars score higher on average and their practicality
scores are closer together. This suggests that the most efficient cars also are above average practical.
A likely explanation for this are the sizable differences in the capabilities of teams, and better overall
building quality of the top tier cars increases both efficiency and practicality. Secondly, the spread in
practicality scores seems to grow throughout the editions.

2.1.4 Cars taken into consideration

Three different parameter sets are going to be used as examples to understand how cars with different
characteristics in both efficiency and number of occupants will score in different scoring models. The
parameters are based on the 2015 entries from Solar Team Eindhoven (standard 4-seater), HS Bochum
SolarCar-Team (standard 2-seater) and Kogakuin University (efficient 2-seater). The 4-seater has a
different crr value, as no ultra-efficient tires exist that can support the weight of a 4-person car. Note
that As has not been defined, as it will be determined by regulations, rather than by design choice. The
practicality scores are based on the 2015 results [5].
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4-seater Standard 2-seater Efficient 2-seater
CdA (m2) 0.225 0.215 0.19
Crr (−) 0.0046 0.0033 0.0033
m (kg) 375 325 250
es (−) 0.22 0.22 0.22
np (−) 4 2 2
ed (−) 0.92 0.92 0.92
Paux (W ) 50 50 50
dbatt (Wh/kg) 250 250 250
P 1 0.95 0.61

Table 2.3: Parameters of the cars taken into consideration

2.2 Energy model analysis and comparison of different scoring
systems

In this section, two different kinds of analysis are conducted:

• Macroscopic analysis: what kind of concept will have the highest chance of winning?

• Microscopic analysis: given a concept, how should the car be optimized?

For the macroscopic analysis, the three concepts described will be simulated in order to determine their
score. For the microscopic analysis, small adjustments to the parameters are made, in order to determine
their sensitivity. The goal is to make conclusions such as “A 1% decrease in cdA gives the same amount
of score increase as a x% increase in practicality”.

2.2.1 2013 regulations

The score formula in 2013 was formulated [4]:

S =
Ebest
E

+ 3 · Tbest
T

+ 0.3 · D

Dbest
+

P

Pbest
(2.10)

Here E is the external energy usage, T is the total drive time, D is the person-kilometers and P is the
practicality score. Ebest, Tbest, Dbest and Pbest are the optimal scores a team achieves in each category.
Furthermore, the maximum number of external charges nc = 4 and the maximum battery size is 63kg
for Li-ion batteries. One could try simulations with different number of external charges. However,
simulations showed that it is optimal to use the maximum allowed external energy usage.

Solving 2.9 for v with w = 0 and I = 700 to find T , and applying different permutations on parameters
gives us an insight in the microscopic analysis. For example, solving for the standard 4-seater yields
23.6651 m/s. However, reducing its cdA value by 1% and recalculating the speed yields 23.7622m/s, or a
speed increase of +0.4101 %. As the score formula describes that a car’s driving time (or speed) weighs
about 3 times more than its practicality, one can state that this is “equivalent” to +1.230 % practicality
score. In another example, removing one occupant increases the standard 4-seater’s speed by +1.9634 %,
but it decreases its D score by 25 %. This results in a practicality equivalent of 1.9634% · 3− 25% · 0.3 =
−1.6098 %. Calculating these results for different kinds of permutations and for different cars leads to
the results in table 6.1.

Please note that the conversion from speed to practicality in this table is only a rough estimate, as the
relative weight of a scoring component is determined by the score of the best team. For example, Dbest

can vary by several magnitudes, depending on a possible participation of 4-seaters or even 12-seaters,
and this will impact the importance of person-kilometers for other cars.
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Standard 4-seater Standard 2-seater Efficient 2-seater
−1% cdA +1.2303 % +1.284 % +1.2972 %
−10kg m +0.7398 % +0.4188 % +0.4776 %
−1 occupant −1.6098 % −11.2188 % −11.1999 %
+1% es or I +0.6384 % +0.5199 % +0.4923 %
+1% ebatt +1.1316 % +1.0110 % +1.0164 %
−10W Paux +0.6906 % +0.5619 % +0.5340 %
+1m/s tailwind +10.3815 % +9.7914 % +9.2691 %

Table 2.4: Practicality equivalents of the main design and weather related parameters under 2013 regu-
lations.

One might note that although there are differences in the speeds the cars can achieve, the sensitivities
of the efficiency parameters are of the same magnitude. The difference in sensitivity of weight can be
explained by the different crr. Furthermore, as removing an occupant has more impact on their relative
D score.

Tbest/T D/Dbest P/Pbest Total score Extra P required to
win

4-seater 0.8483 1 1 4.84 +8%
Standard 2-seater 0.9374 0.5 0.95 4.91 -
Efficient 2-seater 1 0.5 0.61 4.76 +24%

Table 2.5: Comparisons of the different cars under 2013 regulations

The cars seem to be fairly equal to each other. One might also note that the cars in 2013 were driving
slower in reality than the simulated results. This can be contributed to bad weather, and the fact that
the 2013 cars were less efficient than later on cars, on which the cars above are based. However, since the
cars seem to be equally sensitive to changes in weather conditions, the relative scores of the cars will not
change much. As one may notice in figure 2.1 changing the solar irradiance will not change the outcomes
drastically.

Figure 2.1: EE-score (P-km/Wh) and normalized EE-score of different cars under 2017 rules plotted over
solar irradiance

2.2.2 2015 regulations

The scoring concept of the 2015 world solar challenge was fairly similar to the 2013 one [6]:

S = 15 · Ebest
E

+ 70 · Tbest
T

+ 5 · D

Dbest
+ 10 · P

Pbest
(2.11)

Important changes compared to 2013 are listed below.
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• Maximum number of external charges nc is now 2 instead of 4

• Maximum battery size has been reduced to 60kg for Li-ion (approximately 250Wh/kg).

The similarities with the 2013 regulations allow us to use the same approach in computing the sensitivities
of the main design parameters. Again, all teams found that it was not viable to externally charge less
than allowed.

Standard 4-seater Standard 2-seater Efficient 2-seater
−1% cdA +2.4269 % +2.6607 % +2.7034 %
−10kg m +2.3072 % +1.4805 % +1.4966 %
−1 occupant +5.9254 % −13.1987 % −13.0426 %
+1% es or I +2.4521 % +1.9544 % +1.8704 %
+1% ebatt +1.6772 % +1.5036 % +1.5246 %
−10W Paux +2.6565 % +2.1196 % +2.0258 %
+1m/s tailwind +25.8160 % +24.9410 % +23.7727 %

Table 2.6: Practicality equivalents of the main design and weather related parameters under 2015 regu-
lations.

As one may notice, in general the balance between efficiency and practicality has shifted towards
efficiency compared to the 2013 regulations. Where in the 2013 regulations for example a 1 % decrease
in cdA for the 4-seater would be equivalent to about 1.23 % practicality score, in 2015, this has doubled.

Another very curious result is that the extra rolling resistance of an extra occupant in the solar car
affects the 4-seater’s performance more than the extra person-kilometers scored. Note that for the 2-
seater cars it is still beneficial to ride with both persons, although the participation of a 4-seater would
probably decrease the weight of person-kilometers. In general, the faster cars seem to be less sensitive,
albeit only slightly, as figure 2.2 illustrates.

Figure 2.2: Speed and normalized speed of different cars under 2015 rules plotted over solar irradiance

The speed is drastically lowered, compared to 2013, due to the reduction of the allowed external
energy.

Tbest/T D/Dbest P/Pbest Total score Extra P required to
win

4-seater 0.8289 1 1 73.02 +1173%
Standard 2-seater 0.9390 0.5 0.95 77.73 +6.46%
Efficient 2-seater 1 0.5 0.61 78.60 -

Table 2.7: Comparisons of the different cars under 2015 regulations

The balance has shifted considerably compared to the 2013 regulations. Both 2-seater cars seem to
be quite competitive. However, the 4-seater seems not to be very competitive. It can be said that the
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2015 regulations have had a bias towards cars with fewer occupants. Stella Lux, a 4-seater car, has won
the world solar challenge. However, due to strategic reasons, they drove with two persons, in order to be
able to use lower-rolling-resistance tires.

2.2.3 2017 regulations

To recap from chapter 1, all cars had to finish between 11:00 and 14:00 on day 6. There is no incentive
to finish close to 11:00, and since driving slower uses less energy, one only has to take the 14:00 deadline
into consideration. With margin for traffic included, this corresponds with a realistic average speed of
about 19m/s. As explained in equation 1.2, the 2017 regulations state the following score formula:

S = 80 · EE

EEmax
+ 20 · P

Pmax

EE =
pkm

Q · (n+ 1)

Furthermore, the solar panel size has been reduced to 5m2. Note that (n + 1) · Q = nc · mbatt · dbatt,
so by filling in parameters and v = 19 m/s in equation 2.9 and solving Eused = Egained one is able to
calculate the required external energy usage nc ·mbatt · dbatt. Similarly to our analysis of the 2013 and
2015 regulations, we analyze the regulations by calculating the difference in external energy usage for
several mutations. Here, conforming the regulations, 1 % decrease in external energy usage is equivalent
to 4 % increase in practicality.

Standard 4-seater Standard 2-seater Efficient 2-seater
−1% cdA +4.5556 % +7.5384 % +9.7640 %
−10kg m +4.2784 % +5.316 % +7.7912 %
−1 occupant −71.9178 % −176.2278 % −163.0688 %
+1% es or I +3.7748 % +6.5368 % +9.5828 %
+1% ebatt +3.9612 % +3.9648 % +3.9560 %
−10W Paux +4.9048 % +8.4852 % +12.4416 %
+1m/s tailwind +46.7008 % +77.2020 % +100.1172 %

Table 2.8: Practicality equivalents of the main design and weather related parameters under 2017 regu-
lations.

This gives us a lot to discuss. First of all, the efficiency parameters seem to be much more sensitive
compared to the 2015 and 2013 regulations: the practicality equivalents have increased compared to the
2013 and 2015 regulations. Furthermore, one is able to see a strong bias towards more occupants. With
the exception of ultra-efficient cars (as we will discuss later), the 2017 regulations bring a strong bias
towards cars with many occupants.

Strangely, one is also able to see that the three car’s practicality equivalents vastly differ, meaning
there will be different design strategies, depending on the concept chosen. The large difference in weather
(I and w) sensitivity also suggests that the weather will play a large role in deciding which car is dominant.

In order to understand how this microscopic analysis may be used during design, suppose we would
consider enhancing the aesthetics of the standard 4-seater, and therefore increasing the drag by 1%.
According to the calculations above, this should increase our practicality score by about 4.6% in order to
break-even. In the 2017 practicality trial, the aesthetics of a car are (amongst other factors) measured
in the “desirability” part [7]. Increasing teams practicality score by 4.6% equals to a 4.6 point increase
(out of 10) in this category. During the 2017 practicality trial, 7 of the 13 teams are within 4.6 points of
the leading car in this category, and most of the top teams are within 2 points of each other. One could
conclude that, given the scatter of the teams, it is highly unlikely that one could increase its “desirability”
score by 4.6 points, while only increasing the drag by 1%. Thus it can be concluded that focusing on
aesthetics will decrease a teams chances of winning the event.

At the case of I = 700W/m2, which we also used to compare the cars under the 2013 and 2015
regulations, the results would look like this:
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EE/EEbest P/Pbest Total score Extra P required to
win

4-seater 0.7878 1 83.03 +4034%
Standard 2-seater 0.6814 0.95 73.512 n.a.
Efficient 2-seater 1 0.61 92.20 -

Table 2.9: Comparisons of the different cars under 2017 regulations

As one may notice, where the past regulations were all somewhat stable and allowed multiple cars to
have a chance, here the car seems to have to be either very efficient or be able to carry loads of persons.
The standard 2-seater’s low EE score eliminates it from winning, regardless of practicality. However, the
relative scores are subject to a significant weather dependency, as figure 2.3 illustrates.

Figure 2.3: EE score (Pkm/Wh) and normalized EE score of different cars under 2017 rules plotted over
solar irradiance

If one considers the energy equations, one is able to explain the nature of figure 2.3: if a car is
efficient enough to approach energy neutral driving behavior, meaning Eused → Esolar at v = 19m/s,
then the external energy usage approaches 0, thus the EE score component will approach an asymptote.
Around this asymptote, small changes in circumstances (parameters or I) will make a big difference.
This asymptotic behaviour also explains the large differences in sensitivity. Concluding from here, there
seem to be two types of viable strategies. Either build an efficient family car or people carrier, and try
to fit in as many occupants in an aerodynamic shell or build a challenger-like car, which has barely room
for two persons, optimized for energy usage, equipped with a battery as small as possible. At Solar
Team Eindhoven, we think that it is possible to build such an ultra efficient car (more efficient than the
modelled efficient 2-seater), and during the begin stages of the 2017 project we feared that our vision of
solar powered family cars would not be a viable concept to defend the Cruiser Class title.

2.3 Further analysis of the 2017 regulations

2.3.1 Battery size and number of charges

Furthermore, one has to note that in section 2.2.3, the external energy usage is modelled to be continuous.
This is not the case. One has to choose a battery size and charge a whole number of times. This creates
a discrete step in the score formula. One is able to deduce quite quickly that with estimated charging
times of over an hour charging during driving hours is no feasible strategy, meaning that a maximum of
six charges is possible (one at the start, and one during every night). Choosing a battery size turns out
to be an important decision. We will model the discrete step by calculating the total energy usage and
rounding this up to the nearest multiple of charges, in other words:

EE = maxJ=1,...,6{
3022 · np

J · dbatt ·mbatt
|Eexternal ≤ J · dbatt ·mbatt · 3600} (2.12)

Strategy for Stella Vie at the 2017 World Solar Challenge 19



CHAPTER 2. MODELLING AND UNDERSTANDING REGULATORY EFFECTS ON MAJOR
DESIGN CHOICES

Here J is the number of charges. Note that weather conditions change the amount of external energy
that is needed, thus the number of charges that are needed. Note that for now, we are still assuming
that the total mass of the car (thus rolling resistance) is not affected by the battery size. This is not
realistic, but this will be modelled at a later stage. One might see in figure 2.4 that different battery sizes
are dominant over other battery sizes at specific circumstances, and that in some scenarios significantly
more energy is charged than is required.

Figure 2.4: Different normal battery sizes (left) and some wrongly chosen batteriy sizes (right) plotted
over solar irradiance for the 4-seater car.

Note that choosing the right battery size is not just a matter of optimizing one’s score. Choosing a
wrong battery size can also prevent a car from finishing at all, if 6 charges are not enough to finish, or it
can ruin a team’s score, if the discrete stepsize is too big. On the right plot of figure 2.4, one may notice
that 25kg battery is not enough, even when using 6 charges if the average solar irradiance drops below
720W/m2.

Now, it is possible to somewhat modify the total energy usage of a car to the discrete steps by
leaving out person-kilometers, and thus reducing rolling resistance. The energy saved by leaving out
person-kilometers is described in the equation below:

Esaved = crr · g · 80 · Pkm · 1000 (2.13)

With Esaved in J , 80kg being the weight of a driver or passenger and 1000 being the conversion factor
from Pkm to Pm. However, this will also reduce the points a team gets. When rewriting, the number
of Pkm needed to save in order to save enough energy is:

PkmJ =
Eneeded,J

crr · g · 80 · 1000
=
Eexternal − J · dbatt ·mbatt · 3600

crr · g · 80 · 1000
(2.14)

Where PkmJ = 0 iff Eneeded,J ≤ 0, and where, as at least one driver is needed to drive the car,
PkmJ ≤ (np − 1) · 3022. PkmJ intuitively is equal to the number of person-kilometers needed to be left
out in order to finish with J charges. Via that formula, we model that the EE score a car can obtain
with a certain battery size to be:

EE = maxJ=1,...,6(
3022 · np − PkmJ

J · dbatt ·mbatt
) (2.15)

This does make the discrete steps less severe, as is shown in figure 2.5.
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Figure 2.5: Different battery sizes plotted over solar irradiance for the 4-seater car, modelled by limiting
Pkm

As is shown in section 2.2.3, teams are incentivized to drive with a full car as much as possible.
When examining figure 2.5, several horizontal lines can be distinguished. Here, PkmJ = 0, as enough
energy exists to drive with a full car with J charges, but too many Pkm need to be left out to make a
strategy with J − 1 charges score higher. At the sloped sections, PkmJ > 0, as energy needs to be saved
in order to finish with J charges. However, driving a full car with J + 1 charges will result in a lower
score. Also note that the points where the score of a battery is equal to the continuous line are where
Eexternal = J · dbatt ·mbatt with PkmJ = 0. The performance of the battery size here is optimal for these
conditions and this car.

However, the regulations on the score formula do not allow the person-kilometers to be used as a
continuous function. The regulations state that “person-kilometres will be counted for each seat that is
occupied for a complete leg between consecutive control stops” [8]. This means that a team can only
withdraw or add a person for the entire distance between two consecutive control stops. As is shown
in table 1.1, the stretches between control stops (called stages) have different lengths. Therefore, an
algorithm to optimize the number of persons for each stage and the number of charges given a set of
conditions may be of great use. Furthermore, in order to determine the optimal battery size, further
research on the Australian climate, car parameters and the optimization of scores under different battery
sizes is needed.

2.3.2 Risk management

Another issue that arises when devising a strategy for the 2017 regulations is risk management. Teams
are incentivized to drive as slow as possible in order to reduce energy consumption. An average speed
of 19m/s (used in this chapter), comes down to a margin of 1 hour and 49 minutes. However, time is
lost in control stop procedures (which consume more time this edition due to new regulations), in traffic
around the major cities, by uncertainty in weather conditions and by not starting on pole position. If one
would increase this margin by as little as 15 minutes (thus driving 19.11m/s on average), using equation
2.9, one finds that it would increase the external energy needed by about 1.80% (4-seater car) to 4.04%
(efficient 2-seater). A plan needs to be devised in order to maximize Solar Team Eindhoven’s chances of
winning the BWSC, without taking unnecessary risks.

2.4 Conclusions

The calculations provided in this chapter help understand the effects that regulations can have on the
competitiveness of very efficient on the one hand and very practical cars on the other hand. When
examining the 2013, 2015 and 2017 regulations, the balance appears to have shifted towards efficiency
over the years:
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2013 2015 2017
−1% cdA +1.2303 % +2.4269 % +4.5556 %
−10kg m +0.7398 % +2.3072 % +4.2784 %
−1 occupant −1.6098 % +5.9254 % −71.9178 %
+1% es or I +0.6384 % +2.4521 % +3.7748 %
+1% ebatt +1.1316 % +1.6772 % +3.9612 %
−10W Paux +0.6906 % +2.6565 % +4.9048 %
+1m/s tailwind +10.3815 % +25.8160 % +46.7008 %

Table 2.10: Practicality equivalents of the main design and weather related parameters of the standard
4-seater.

Furthermore, the 2017 regulations seem to bring a number of non-trivial choices, like optimization of
the battery size, algorithms to optimize the person-kilometers and risk management. Another thing one
might notice are the large differences in energy efficient score, caused by the sensitivity. Low tier cars
will also have to build extensive models of their cars as well in order to find a “finishable” battery size.
To summarize:

• The 2017 regulations have a stronger bias on efficiency than in 2013 and 2015. Practicality has
become several times less valuable compared to the main efficiency parameters. If a team chooses to
build a challenger like car, it is very realistic they will decimate the competition. However, if a team
does not want to build a challenger like car, a family car or people carrier with many occupants
will probably maximize their winning chances.

• Choosing the battery size can be vital. Further research is needed on the Australian climate, score
optimization and the parameters of the car in order to choose one.

• A model in order to optimize the number of persons for each stage and the number of charges needs
to be designed.

• A method of risk management needs to be devised, in order to maximize winning chances while not
risking finishing too late.

In designing Stella Vie, these calculations are not the only factor taken into account. The vision of team
members and Solar Team Eindhoven in general also played a huge role. Furthermore, the exclusion of
Stella Lux’s air-tunnel out of the design due to changes in the allowed dimensions and solar panel size of
the Cruiser cars made it possible to drop the “traditional” 2 by 2 seat layout. That is why a compromise
was found to build a five person family car, with, just like last years, a compromise between efficiency
and practicality. However, the conclusions drawn in this section lead to more focus on efficiency than
Solar Team Eindhoven would have liked to.
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Chapter 3

Optimizing person-stages and
charging strategies

As explained in chapter 2, it may be of great importance to be able to choose the number of passengers
and number of charges in such a way that it will optimize the Energy Efficiency score. It turns out it
requires an elaborate model, which needs some structuring. In this chapter, a layered model is proposed
and first attempts to fill in this model are also given. In chapter 5, further efforts to optimize the strategy
are discussed.

3.0.1 Stints, stages and person-stages

Before we go any further, it might be wise to determine some terminology. First of all, we are going to
call a stretch of road between the start and the first control stop, between two control stops, or between
the last control stop and the finish a stage, as is defined in section 1.3. There are 10 stages. Stages
are of strategic importance as it is the minimal number of passengers during a stage that counts for
person-kilometers. Adding one extra person for the length of a stage is called adding a person-stage.
Secondly, we are going to call the time between two charges a stint. During such stint, the battery will
be depleted. As we will only be charging at night, this means a stint covers one or more full driving days,
depending on the strategy chosen.

3.1 Problem definition and layered model approach

When optimizing a strategy, obviously, the goal is to maximize EE = pkm
Q·(n+1) . Now, in order to design

such model, at least the following elements are needed:

1. The model has to decide how many persons to place into the car for each stage and stint.

2. In order to achieve 1, the model should be able to maximize the distance a car can drive during a
stint.

3. In order to achieve 2, the model should be able to simulate the energy usage of the car.

This division of tasks also provides us with a logical way of structuring the model.

• A simulation layer: given the person strategy, charge strategy, speed profile and weather inform-
ation, this layer models the energy usage.

• An optimization layer (or short term strategy): given a person and charge strategy, use the
simulation layer to find a speed profile that maximizes the average speed without depleting the
battery.

• A combinatorial layer (or long term strategy): use the optimization layer to find a person and
charge strategy that maximizes EE score, given that the car still finishes before a time t.
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Please note that these layers are structured in such a way that implementations of these layers can be
easily replaced by other layers. For example, if one elects to change the energy models of the car, the
optimization and combinatorial layers do not have to change. In this chapter, implementations of these
three layers will be given. In chapter 5, an alternative implementation of the optimization layer is given.

3.2 Simulation layer

For this purpose, the simulation layer looks a bit like the simulation model described in section 2.1.As we
are working with timesteps, it might be wise to use power instead of resistance for most purposes. Here,
some parts of the energy flow are modelled as power, and other via energy formulas, as some equations
are expressed simpler in this way.

3.2.1 Forward power

As P = v ·R, the equations in section 2.1 can be used to find for:

Pforward(v, w) = v ·
1
2 · ρ · cdA · (v − w)2 + crr · g · (m+ 80 · np)

ed
(3.1)

Note that Pforward includes the aerodynamic losses, losses to rollfriction and electric losses.

3.2.2 Altitude differences

In order to simulate the energy lost or gained from the potential energy that comes from differences
in altitude, we use the altitude information that we gathered via GPS, as described in section 1.3. A
newtonian model for the energy lost or gained by changes in altitude is:

Eheight(∆h) = ∆h · (m+ 80 · np) · g (3.2)

Where Eheight (in J) is the energy lost (negative for energy gained), ∆h (in m) is the increase in height
(negative for decrease), and g the gravitational constant.

3.2.3 Kinetic energy

The energy gained or lost from accelerating or regenerative braking is modelled via.

Ekinetic(v1, v2) =
1

2
· (m+ 80 · np) · (v21 − v22) (3.3)

Here Ekinetic (in J) is the energy used to accelerate from v1 to v2 (both in m/s).

3.2.4 Solar model

The similarities with section 2.1 end with the solar model. As Stella Vie’s roof is curved, the orientation of
the car compared to the sun does have an impact on the power yielded from the panel. Pudney describes
in his report a model for simulating solar power [14]. In his report, Pudney describes a more elaborate
solar panel, also taking into account ground reflection, temperature and the exact implementation of
maximum power point trackers (MPPT’s). During the design of Stella Vie, we have also used more
complicated models that calculated the power of each individual cell. However, our findings are that the
simpler and more computationally friendly model described below suffices in estimating the solar power
for strategic purposes.

Direct and diffuse irradiance and solar panel model
The solar model constructed for the 2017 World Solar Challenge was constructed by strategist Nils
Terpstra. The irradiance is calculated via the following formula, which is a simplified variant of P.
Pudney’s formula for solar irradiance [14]:

I = [Ib · cos Θ]+ + Id ·
[

1 + cosβ

2

]
(3.4)
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Here Ib is the direct normal irradiance or beam irradiance (direct sunlight) and Id is the diffuse horizontal
irradiance (reflected from particles in the atmosphere). β is the slope of the plane and Θ is the angle of
incidence of the solar beam, as explained by figure 3.1. Furthermore, [a]+ = max{0, a}. Beam irradiance
encounters a strong drop if blocked by clouds, while diffuse irradiance encouters a rise when there are
clouds nearby. The geometry regarding equation 3.4 is illustrated by the figure below:

Figure 3.1: “Geometry for calculating the solar irradiance on an included plane”, image courtesy of P.
Pudney [14]

Stella Vie has a curved solar panel, consisting of three maximum power point tracking groups (groups
1 to 3). In our model, we model each of these groups as a flat plate, with each a specified orientation
relative to the road. Via a simple model for the position of the sun, and via route information on the
heading and inclination of the road, Θ1, Θ2 and Θ3, as well as β1, β2 and β3 are computed.

To summarize, given s and t, for each group g, Θg and βg are calculated. Secondly, given Id and Ib
from the Weather Forecast System (see section 3.2.6) at (s, t) Ig is calculated by equation 3.4. Lastly,
the solar power (in W) is calculated by:

Psolar = es ·
3∑
g=1

Ag · Ig (3.5)

Here, es is the solar panel efficiency, similar to section 2.1, and Ag is the area of group g.

Static Charging
Static charging is the charging from the sun when the car is not moving. This happens before and after
the driving day, or during control stops. For static charging, we use the same solar model. However,
during static charging, we have greater liberty in orientation as the solar car can be parked on slopes,
wheels can be raised from the ground and the car trunk lid (on which MPPT group 3 is located) can be
opened. Therefore, Θ can be lowered and I can be increased (see figure 3.2).

Figure 3.2: Left: solar irradiance on Stella Lux is increased during static charging by optimizing beam
angles. Image courtesy of Bart van Overbeeke photography [16]. Right: predicted solar power during a
driving day. Image courtesy of C. Mocking [13].
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Energy collection during a driving day
As C. Mocking illustrates in figure 3.2, the expected solar power during the day changes rapidly. Obvi-
ously, halfway during the day one may expect the strongest solar power, resulting in the lowest external
energy usage. The “kinks” shown at 8 a.m. and 5 p.m. illustrate the transition from static charging to
normal driving.

3.2.5 Battery model

The current energy level of a battery cannot be measured directly. Instead, the cell voltage is used to
estimate the energy left in the battery cells. This is however dependent on other factors, such as the
discharge rate and the temperature of the cells, as A. Boulgakov explains in figure 3.3.

Figure 3.3: Battery discharge curves under different discharge rates and temperatures. Images courtesy
of A. Boulgakov [1].

A detailed explanation of such battery model is described by A. Boulgakov [1]. At Solar Team
Eindhoven, tests were conducted to create a model that translates discharge rate, temperature and cell
voltages to energy level of the battery.

3.2.6 Weather Forecast System

Combining different weather forecasts, as well as radar images and own measurements into a single forecast
is a topic that falls out of the scope of this project. The reader has to know that a Weather Forecast
System (WFS) has been developed that combines different weather forecasts, as well as a manual input
based on radar images and own measurements in order to create a single forecast. It is also responsible
for the conversion from latitude-longtitude coordinates to driving distance along the route. For the rest of
the model, it is relevant that this forecast is a function WFS(s, t)→ (w, Id, Ib) that provides a tailwind
speed forecasts, as well as diffuse and direct solar irradiance forecasts for every time and every point
along the route.

3.2.7 The combined model

A time-step based simulation layer is used to model the energy usage over time with stepsize ∆t. We
note the i’th timestep as ti (thus ti+1 = ti + ∆t). The following equation is used to model the energy
usage over time:

ei+1 = ei −∆t ·
(
Pi+1 + Pi

2

)
− Eheight(hi+1 − hi)− Ekinetic(vi, vi+1) (3.6)

Here, ei and si are the energy level and the location at time ti respectively. Pi = Pforward(vi) + Paux −
Psolar(si, ti), si+1 = ∆t · vi+1+vi

2 and hi = h(si) with h being the altitude function. Note that during
control stops, vi = 0. Now, if the car arrives at a nightstop, either the car will gain energy via static
charging or it will recharge its battery. When static charging, the car is active if and only if Paux < Psolar,
else the car is turned off and ei+1 = ei. When recharging the battery, ei+1 = mbatt · dbatt · 3600. Note
that Pforward, Ekinetic and Eheight are also dependent on the number of occupants in the car.

26 Strategy for Stella Vie at the 2017 World Solar Challenge



CHAPTER 3. OPTIMIZING PERSON-STAGES AND CHARGING STRATEGIES

3.3 Optimization layer (Short term strategy)

Given the simulation layer described in the previous section, one needs to determine how fast the solar
car should drive. In general, this is an optimization problem, in which v1, ..., vn are the optimization
parameters,

∑n
i=1 vi the maximization criterium and ∀i=1,..,n : ei ≥ 0 the constraints. However, as one

will read in 3.4, this optimization layer will be executed for different charge and person strategies quite
often by the combinatorial layer. That is why for now we are going to keep this layer simple and optimize
only on constant speed. In chapter 5, more complicated optimization layers will be discussed.

3.3.1 Secant and bisection methods

One may note that different speeds can be driven at each stint.That is why for each stint (starting with
the first), the model will try two base speeds c1 and c2, and use the optimization layer to simulate them
and get the minimal energy states emin,1 and emin,2. Note that these might be negative if we have chosen
the speed too high. Via the secant method, the next guess will then be determined by:

ci+2 =
ci+1 − ci

emin,i+1 − emin,i
· emin,i+1 (3.7)

Once emin,i+1 is closer to zero than some target etarget, meaning |emin,i+1| < etarget, the speed is
considered optimized enough.

As sometimes, the secant method diverges, having a second method as a backup might be of great
use to increase the robustness of the model. The bisection method is a method that converges slower,
but does not easily diverge. That is why after ten iterations, the bisection method is used.

3.3.2 Determining starting speeds

As discussed earlier, limiting the number of calls to the simulation layer may be of great use in improving
overall computation speed of the combinatorial layer. That is why it might be interesting to try to make
educated guesses for the starting speeds va and vb, such that fewer iterations are needed. First please
note that we can estimate the speed driven by a much simpler energy formula, based on equation 2.9.
The algorithm works the following.

1. Solve for v:

v · T
ed
· 1

2
· ρ · cdA · (v − wavg)2 + Err(sa, sb) + T · Paux = T · Iavg · es ·As +mbatt · dbatt · 3600

Here sa is the starting point of this stint and sb = sa + v · T the ending point. T is the drive time
(in seconds). Err(s1, s2) = crr

ed
· g ·

∑
(Xi · (m+ 80 ·np,i)) with Xi being the distance of stage i that

lies between s1 and s2. This represents the energy lost to rolling resistance during a stint, which
has to be calculated in this way as there the number of occupants varies during a stint. Iavg and
wavg are estimated by calculating the Riemann sums with reasonably large interval. Also calculate
the altitudes of h(sa) and h(sb).

2. Based on h(sa) and h(sb) calculated in step 1, solve

v · T
ed
· 1

2
· ρ · cdA · (v − wavg)2 +Err(sa, sb) + T · Paux +Eh = T · Iavg · es ·As +mbatt · dbatt · 3600

Here Eh = Eheight(h(sa)− h(sb)). Let the solution be c1.

3. Use the simulation layer to simulate the energy usage with speed c1. Let emin,1 be the minimal
battery energy state during this simulation.

4. If |emin,1| > etarget construct a second guess. Choose c2 such that:

T

ed
· 1

2
· ρ · cdA ·

(
(c2 − wavg)2 · c2 − (c1 − wavg)2 · c1

)
+ Err

(
sb, sb + (c2 − c1) · T

)
+ emin,1 = 0

Intuitively, by solving this, Eforward is increased or decreased in order to compensate for emin,1. If
Eh does not change too much and neither do the wind or the solar irradiance, this should result in
a good approximation.
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5. Use the simulation layer to simulate with speed c2, If |emin,2| > etarget, start secant search with
starting speeds c1 and c2, and results emin,1 and emin,2.

However, due to time constraints, this algorithm has not been implemented. Instead, hardcoded default
guesses were used.

3.3.3 Maximizing energy left at the finish

As will be shown in section 3.4, it may also be of great use to maximize the energy that is left in the
battery at the finish. It is not hard to see that a good way to achieve this is to use the second method
described in section 3.3.1 to maximize distance traveled in all stints except for the last stint. In the last
stint, in order to maximize the energy left on the finish line, one has to drive as slow as possible. Assume
one wants to finish at time t0 (which lies somewhere before 11:00 and 14:00 on day 6, depending on the
risk one wants to take). Then via v = s

t one is able to determine the speed that needs to be driven during
the last stint and calculate efinish via the simulation layer. Please note that efinish here may also be
negative, if more energy is needed to finish in time than is available.

3.4 Combinatorial layer (Long term strategy)

In the combinatorial layer, the challenge lies with the huge number of possible strategies. There are 10
stages, in each of these stages either 1, 2, 3, 4 or 5 persons can occupy the car. That means there exist
510 possible ways to place persons. Furthermore, there are 5 nights in which a team can elect either to
charge or not to charge. This gives 25 possible charging strategies, resulting in 510 · 25 = 312.5 million
possible person and charge strategies. It is computationally not feasible to run the optimization layer for
all of these strategies, so a model is required that carefully chooses which strategies to run in order to
find an approximation of the best possible strategy.

On a qualitative level, the effects that a (good or bad) strategy has on the overall score can be best
described by the following formula:

Eext + Es = Ebase +
∑

(ci · pi) (3.8)

Here, Es is the collected solar energy and Eext is the charged energy. Ebase = Eaero + Eroll,1p + Eaux is
the energy it takes to move the car with 1 person inside over the route. It can be minimized by optimizing
the speed profile.

∑
(ci ·pi) describes the extra energy it takes to carry passengers. Here pi is the number

of passengers at stage i, and ci is a combination of rolling resistance and potential height energy (the idea
for height energy optimization has been found in private communications with Solar Team Eindhoven
member Henk Alkema):

ci = 80 · g ·
(
(si,2 − si,1) · crr + h(si,2)− h(si,1)

)
(3.9)

Here si,1 and si,2 are the distances on the route on which stage i starts and finishes respectively. One
may realize that stages that have more positive altimeters receive a higher cost.

Now, a strategy that manages all of this may not exist. For example, to maximize potential energy
from altimeters, one may want to place all passengers in the last few stages. However, this means that
there will be more rolling resistance during the last stint, thus a lower speed, resulting in a suboptimal
speed profile. The model will have to find a balance.

3.4.1 Modelling as a bounded knapsack approach

The first attempt in reducing the number of strategies for which the optimization model has to run is to
model the problem as a boundend knapsack problem. The bounded knapsack problem is a combinatorial
optimization problem. Given constants ri ∈ R (the rewards), ci ∈ R (the costs) and Mi ∈ N, a boundary
W ∈ R, one has to find xi ∈ R such that

∑
(ri · xi) is maximized, under the constraints W ≥

∑
(ci · xi)

and ∀xi : xi ≤Mi. This is a well known problem, for which fast dynamic programming algorithms exist
to approximate the optimal solution.

The knapsack problem will be used to approximate an optimal person strategy given a set charge
strategy.
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Given such charge strategy, the optimization layer can be used to maximize the energy usage with
only the driver in the solar car. Now the optimization layer can be used to maximize the energy left at the
finish, efinish, as described in section 3.3.3. Now, using the approximation Eext + Es − Ebase ≈ efinish,
one could use equation 3.8 to define the following knapsack inequality:

efinish ≥
∑

(ci · pi) (3.10)

Now one is able to define a knapsack problem, with boundary efinish, and weights c1, ..., c10 defined by
equation 3.9. Here p1, ..., p10 (the number of passengers) have all been limited to 4 in the case of Stella
Vie. The optimization function is the number of person-kilometers:

∑
(li · pi). Here, li is the length

of stage i. Since the charging strategy has been specified, an increase in the number person-kilometers
directly causes an increase in the EE score.

Re-estimating boundaries and iterative approach
Note that in this inequality, an assumption is made that Ebase and Es remain more or less unchanged
for every strategy. These might differ, thus the solution to the knapsack approach might be not be
optimal or finishable. Therefore, the knapsack problem will be generalized, such that the boundary can
be re-estimated.

The boundary can also be estimated by running the optimization layer for a strategy with passengers,
p̂1, ..., p̂10, and compensating for the energy used for carrying those passengers. This leads to the following
inequality:

êfinish +
∑

(ci · p̂i) ≥
∑

(ci · pi) (3.11)

This makes it possible to do several iterations. The zeroth iteration optimized strategy s0 with no
passengers on board to calculate an initial boundary, and from there on the solution si was used to
calculate a new boundary, in order to rerun the knapsack algorithm and find strategy si+1. After a set
number of iterations, the best found strategy in which emin ≥ 0, is chosen.

Reflection
Intuitively, the knapsack approach finds a good solution if one only takes into account the combinatorial
optimization of

∑
(ci · pi). However, it does not attempt to optimize either Es or Ebase. Please consider

the following model run.

# Strat. (pi) ci · pi (J) Exp. efinish (J) Diff. (J) Bound. (J) ∆Eh (J)
0 0000000000 0 - 1.5192 · 107 - 1.5192 · 107 0
1 0002133332 1.5193 · 107 -482 188891 -189373 1.5382 · 107 -981000
2 0001133333 1.5351 · 107 30163 -43305 73468 1.5308 · 107 -1050062
3 0001333331 1.5292 · 107 16361 156664 -140203 1.5448 · 107 -1039075
4 1001133332 1.5433 · 107 15769 -39872 55641 1.5393 · 107 -1039075
5 0001133333 1.5351 · 107 41356 -43305 84661 1.5308 · 107 -1050062

Table 3.1: Model run of the knapsack approach with the 4-seater car, with I = 700W/m2, as = 5m2,
w = 0m/s, mbatt = 60kg and nc = 2. Note that as np = 4 for the 4-seater, pi is limited to 3.

In this table, a model run of the knapsack approach is shown. For each iteration, the knapsack solution
p1, ..., p10 is shown, and the calculations in order to determine the boundary for the next iteration. Exp.
equals the boundary of a previous iteration minus

∑
(ci · pi). This is an estimation of efinish, assuming

that Es and Ebase did not change compared to the last iteration. Diff. = Exp. − efinish, the difference
between the expected and simulated results. However, as I = 700 was simulated, Es will not change, the
difference can solely be contributed to changes in Ebase. Here ∆Eh = 80 · g

∑
i pi · ∆hi, the potential

height energy lost or gained by a strategy. Please note that as the outcome of iteration 5 is equal to
that of iteration 2, and the model is deterministic, iterations 2, 3 and 4 will be repeated and further
computation is not necessary. Based on this and other model runs, the maximum number of iterations
is set to 10.

First of all, one may clearly notice the model’s tendency to place passengers in the last 5 stages. As
stated in table 1.1, these are the stages that have negative altimeters. ∆Eh appears to be around 106J ,
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roughly equivalent to 275 person-kilometers. The difference between Exp. and efinish shows that with
these models, Ebase differs over 250000J , for this car equivalent to about 70 person-kilometers. Thus,
optimizing Ebase might increase the score slightly.

One may conclude that although Ebase may be optimized more, the knapsack algorithm manages to
find a decent strategy, as the effects of Ebase appear to be rather minimal compared to the other factors.
Therefore, one may expect the knapsack algorithm to deliver a competitive strategy.

3.4.2 Modelling as a discrete optimization problem

For any person strategy p1, ..., p10 and any charge strategy, one could approximate the speed that a car
will achieve for a stint via the method described in section 3.3.2. We could then estimate Ebase by:

Ebase =
1
2 · ρ · cdA ·

∑
(tj · (vj + wj)

2 · vj) + x · crr · g · (m+ 80)

ed
(3.12)

Here, tj is the duration (in s) of stint j, vj is the estimation of the speed that of the car for stint j and
wj is the wind during this stint, here assumed to be constant for a stint. In total there are nc stints.
Please note that V = V (p1, ..., p10, c1, ..., c6), thus vj is dependent on the person and charge strategy.
The problem can now be formulated as a discrete optimization problem, with inputs p1, ..., p10, c1, ..., c6,
and the following maximization criterion:

EE =

∑
(li · pi)
nc

(3.13)

Here the following constraints apply:

∀i : 0 ≤ pi < np
nc∑
j=1

tj · vj ≥ x
(3.14)

Please note that the number of occupants is defined per stage, while the speed is defined per stint. Solving
this discrete optimization problem would give a good estimate for the best person and charge strategy.
Since no call to the optimization layer is required, it might even be possible to brute force all possible
person and charge strategies. However, due to time constraints, no further effort was made to implement
this discrete optimization problem.

3.4.3 Local brute force approach

Another possible approach is to consider a reasonable strategy (presumably found with knapsack), and
brute force many similar strategies. To understand what is meant with “similar”, we will introduce a
notion of distance: D(p, p̂) =

∑10
i=1 |pi − p̂i|. Here p and p̂ are person strategies. One could “optimize” a

strategy b by the following general approach:

1. Choose a base strategy b to begin with.

2. Compute all person-strategies up to distance d from b. (These strategies are called mutations of
b). This is called “doing a brute force with depth d”.

3. Order the strategies found in 2 on person-kilometers. Leave out strategies with less person-
kilometers than b.

4. In descending order, for each strategy use the optimization layer until a strategy that finishes in
time is found or all strategies have been simulated.

5. If a strategy l is found that finishes on time and has more person-kilometers than b, repeat steps 2
to 5 with base strategy l.

It is trivial that steps 1 to 4 will find the best strategy within a distance d of strategy b that will finish in
time. Please note that the sorting is a way of pruning: it enables the possibility to find the best strategy
without simulating all mutations.
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Analysis of required depth
A short analysis is need in order to determine the optimal depth. This is dependent on the computing
power available and the results found. The number of possible mutations within distance d may vary
per base strategy b. That is why a small simulation experiment was done in order to understand the
effects of different depths, both on the strategies found and on the computation power needed. As the
number of occupants determines the computational complexity of this problem the standard 4-seater car
described in table 2.3 is “upgraded” to a 5-seater, in order to match Stella Vie. A simulation to generate
different optimization scenarios is constructed using I = 600W/m2 to I = 800W/m2, with ∆I = 1W/m2

for nc = 1 to nc = 6. Here, first the knapsack approach described in section 3.4.1 is used to find a good
base strategy b. The trivial cases, in which b is either a strategy with a full car or no strategy with
efinish ≥ 0 could be found, will be left out. For the other base strategies, the algorithm described and
the average number of strategies taken into consideration is being counted.

Depth Avg. iterations Avg. optim. calls Avg. score inc. Max. score inc.
1 1.1266 3.9139 0.14009% 4.0585%
2 1.5911 26.131 0.19848% 4.0585%
3 1.5595 94.567 0.19863% 4.0585%
4 1.5481 291.00 0.20247% 4.0585%
5 1.5395 769.18 0.20296% 4.0585%
6 1.5882 1879.1 0.20579% 4.0585%
7 1.5911 3969.8 0.20593% 4.0585%

Table 3.2: Model run results of the local brute force approach

For each depth the average number of iterations is shown, as well as the number of optimization layer
calls and the resulting score increase. The total sample size is 697 base strategies. Unfortunately, not
enough computational power was available in order to simulate deeper brute forces. As one may notice,
the score increases that are found are limited, and the average score increase seems to converge as the
brute force is deepened. On the other hand, the number of optimization layer calls rises rapidly with
depth.

However, there has been a case with a maximum score increase of over 4%, meaning that the knap-
sack approach described in section 3.4.1 sometimes fails to find a decent strategy. Furthermore, these
simulations were conducted with constant solar power and no wind, and one could argue that variances in
gained solar power and wind that different strategies occur would result in decreased performance of the
knapsack approach. This would result in a slightly less optimized base strategy and thus could increase
the average score increase of the brute force method.

Concluding on the information gathered, the brute force approach seems to have only minor effect,
and will mostly be useful to compensate for inconsistencies in the knapsack approach.

3.4.4 Model behavior

Figure 3.4: Two model runs, one with no margin and one with half an hour margin.
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Please consider figure 3.4, based on model runs for different irradiances with depth 4. Here one can
clearly see the effects of the person optimization: instead of the straight lines seen displayed in figure 2.5,
the lines appear now to be curved, as slightly better strategies can be found if the strategy model has
more options to play with person stages. If the car is about half empty, the strategy model has the most
options to optimize. Given the EE score formula described in equation 1.2, it is easy to determine that
a strategy with a + 1 charges during the challenge with a full car scores higher than a strategy with a
charges iff at the a charge strategy the solar car will on average be less than a+1

a+2 ’th filled with occupants.
This means that for all viable strategies, the cars seats will be mostly filled.

3.5 Parameter estimation

As should be clear by now, being able to accurately estimate the parameters of a solar car will be of great
importance in determining a sound strategy during the World Solar Challenge. C. Mocking suggests that
their parameters were “measured by testing driving under circumstances that are very well determined
and measured” and that ”test driving was performed by driving at various speeds and fitting a least-
squares quadratic to the data”[13]. This explains basically the two stages of parameter estimation. First
of all, one needs to measure the parameters as well as possible in distinct tests.

At Solar Team Eindhoven, tests were conducted in order to measure crr, m and es. Unfortunately,
the crr test results were inconsistent. cdA was estimated by multiplying computational fluid dynamics
results with a factor based on the differences between the computational and measured results of Stella
and Stella Lux. As Stella Vie first passed road legality tests, the car was built into its World Solar
Challenge configuration quite late. As this affects crr (other tires), m (more equipment) and cdA (e.g.
removal of the windscreen wiper), doing energy measurements was of no use until just before the World
Solar Challenge.

3.5.1 Linear least squares

The second stage of testing is measuring the energy usage and fitting a cdA and crr. This was done in
the same fashion as Mocking describes [13]: by conducting tests that excluded external factors as much
as possible (no wind, no height differences) and driving at different constant speeds. As Stella Vie is
a Cruiser car that can carry 1 to 5 occupants, these tests can also be done with a different number of
occupants. The average power used during such test should be equal to:

P (v, np, crr, cdA) =
1
2 · ρ · cdA · v

3 + crr · (m+ 80 · np) · g · v
ed

(3.15)

Note that ed = 0.92 will be seen as a constant in this formula, as a change in ed cannot be distinguished
from a change in both cdA and crr, thus there no use of fitting ed. Assume that n tests are conducted
at speeds v1, ..., vn and with number of occupants np,1, ..., np,n. The expected power usage during test
i would be P (vi, np,i, crr, cdA). Comparing the average measured power usage during test i yi with the
expected power usage yields us the following set of equations

∀i=1,..,n : P (vi, np,i, crr, cdA) = yi (3.16)

There are two unknowns, cdA and crr to optimize, so for n > 2 this is an overdetermined system.
However, this problem can be rewritten as a linear least squares problem in order to gather estimators
for cdA and crr. Note that the general formulation for a linear least squares problem can be written as:

d∑
j=1

Xij · βj = yi, (i = 1, 2, ..., n) (3.17)

In our case, d = 2, β1 = cdA, β2 = crr, Xi1 =
ρ·v3i
2·ed , Xi2 =

g·(m+80·np,i)·vi
ed

. Please note that Xi1 · cdA +

Xi2 · crr = P (vi, np,i, crr, cdA). This can be written in matrix form as:

X · β = y (3.18)
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Here:

X =


ρ·v31
2·ed

g·(m+80·np,1)·v1
ed

...
...

ρ·v3m
2·ed

g·(m+80·np,n)·vn
ed

 =

a1 b1
...

...
an bn

 , β =

[
cdA
crr

]
, y =

y1...
yn

 (3.19)

Here, ai and bi are introduced to simplify the matrix. An estimator of β, β̂, is chosen such that

S(β̂) =

n∑
i=1

|yi −
2∑
j=1

Xij · β̂j |2 =
∥∥∥y −Xβ̂∥∥∥2 (3.20)

is minimal. For a linear least square problem, the general solution is given by:

β̂ = (XTX)−1XT y (3.21)

Here:

XTX =

[
a1 . . . an
b1 . . . bn

]
·

a1 b1
...

...
an bn

 =

[ ∑
a2i

∑
aibi∑

aibi
∑
b2i

]
(3.22)

Note that XTX is a 2× 2 matrix, thus the inverse can be easily be computed:

(XTX)−1 =
1∑

a2i
∑
b2i − (

∑
aibi)2

[ ∑
b2i −

∑
aibi

−
∑
aibi

∑
a2i

]
(3.23)

For now we will note G =
∑
a2i
∑
b2i − (

∑
aibi)

2. Obviously, a constraint here is that G 6= 0, on which
we will come back later. Multiplying the term found in 3.22 by XT gives:

(XTX)−1XT =
1

G

[ ∑
b2i −

∑
aibi

−
∑
aibi

∑
a2i

]
·
[
a1 . . . an
b1 . . . bn

]
=

1

G

[
a1
∑
b2i − b1

∑
aibi . . . an

∑
b2i − bn

∑
aibi

b1
∑
a2i − a1

∑
aibi . . . bn

∑
a2i − a1

∑
aibi

] (3.24)

And finally this matrix can be multiplied by our test result matrix y in order to find our estimators for
cdA and crr:

β̂ = (XTX)−1XT y =
1

G

[
a1
∑
b2i − b1

∑
aibi . . . an

∑
b2i − bn

∑
aibi

b1
∑
a2i − a1

∑
aibi . . . bn

∑
a2i − a1

∑
aibi

]
·

y1...
yn


=

1∑
a2i
∑
b2i − (

∑
aibi)2

[∑
j yj(aj

∑
i b

2
i − bj

∑
i aibi)∑

j yj(bj
∑
i a

2
i − aj

∑
i aibi)

]
=

[
cdA
crr

] (3.25)

Now this only holds if G =
∑
a2i
∑
b2i − (

∑
aibi)

2 6= 0. Considering a = a1, ...an and b = b1, ..., bn as
vectors, G may be rewritten as G = |a|2|b|2−〈 a, b〉2 = |a|2|b|2(1−cos2 γ) with Θ being the angle between
a and b. Here, G 6= 0 iff γ 6= 0, thus at least two pairs (ai, bi) must be linearly independent.

3.5.2 Including wind and slope

One could increase the number of factors taken into account, without increasing the complexity of the
problem. If one also wants to take into account measures slope, all one has to do is change the parameters
ai, and yi described in equation 3.19. Taking into account wind would simply mean rewriting ai:

âi =
ρ · (vi − wi)3

2 · ed
(3.26)

Here, the wind speed during this test is written as wi. If one is able to measure wind over time during
the test one can rewrite

a∗i =
ρ

2 · ed · T
·
∫ T

0

(vi(t)− wi(t))2vi(t)dt (3.27)
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However, in this case, the potential energy from acceleration also has to be taken into account. Further-
more, one could take into account the altitude differences. We do this by rewriting yi:

ŷi = yi + (
1

2
· (v(T ))2 − v(0)2) + ∆h · g) · (m+ 80 · np,i) (3.28)

Where ∆h = hend − hstart is the altitude gain during the test. However, normalizing the conditions
(making sure that ∆h ≈ 0, wi ≈ 0 and vi constant) is more advisable than to compensate for them.

3.5.3 Estimating variance and deriving an effective test

We have found an estimator for cdA and crr. If we assume that the measurements are normally distrib-
uted, then the found estimators are also the MLE’s. Furthermore, without this assumption, one might
still use the central limit theorem to find that (if n sufficiently big), the distribution of the estimators
approaches a normal distribution. For the variance of this estimator, the following approximation is often
used.

Var
[
β̂j

]
= θ2(|XTX]−1)jj ≈

S(β̂)

n− d
(|XTX]−1)jj (3.29)

Here θ describes the standard deviation of a single measurement. For this application, one may derive
that:

Var [cdA] ≈ S(β̂)

n− d
·

∑
b2i∑

a2i
∑
b2i − (

∑
aibi)2

(3.30)

Var [crr] ≈
S(β̂)

n− d
·

∑
a2i∑

a2i
∑
b2i − (

∑
aibi)2

(3.31)

Here d = 2, and n − d the statistical degrees of freedom. Knowing the uncertainty in these parameters
could be of great mathematical importance in estimating how much testing time is required to find reliable
results. Now, one could use this estimator to derive a test such that var(β̂j) is minimized. First of all, if
one considers (XTX)−1 described in 3.23. The following (intuitive) conclusions can be drawn:

1. If the data fits the solution better (external factors are excluded well), thus S(β̂) is small, variance
of both parameters decreases.

2. If one makes the reasonable assumption that S(β̂) = O(n),
∑
a2i = O(n),

∑
b2i = O(n) and∑

aibi = O(n), then var(cdA) = O(n−1) and var(crr) = O(n−1), meaning that variance drops as
more tests are done.

Now, one might wonder: if n is fixed due to testing time constraints, how can one reduce the variance,
next to simply “performing better tests such that S(β̂) is lower”? How could one choose a set of ai’s
and bi’s in order to minimize variance? One could increase all ai’s by a factor, to lower the variance of
cdA, but this means that the variance of crr will rise. The opposite goes for increasing bi by a factor.
Increasing both ai and bi by the same will not reduce the variance either, as S(β̂) will increase as well.

Assume for example that all ai’s and bi’s are doubled. If we then assume that S(β̂) is also doubled the
variance will remain the same.

The only realistic way of choosing ai and bi in order to minimize the variance is to choose ai and bi
such that

G =
∑

a2i
∑

b2i − (
∑

aibi)
2 (3.32)

is maximized. Please consider again that when considering a and b as vectors, G can be rewritten as
G = |a|2|b|2 − 〈 a, b〉2 = |a|2|b|2(1 − cos2 γ). Thus, as we previously determined that increasing |a| or
|b| only would not help in reducing the variance, it is key to maximize γ. Assume there exist realistic
boundaries a < ai < A and b < bi < B (due to physical constraints in varying speed and mass). Now,
the optimal test will be described by n

2 pairs (a,B) and n
2 pairs (A, b). In other words: in order to

differentiate cdA from crr, one must maximize the differences in their relative contribution in the test set.
Now, in our application, constraints exist for np (1 to 5). In order to guarantee that the models stay

reliable, constraints can be proposed for v (ed drops significantly for too high speeds). A reasonable test
would be to conduct n

2 tests with speed v = 16.7m/s, np = 5 and n
2 tests with speed v = 22.2m/s, np = 1.

This test only uses realistic speeds, and induces significant difference in the relative contributions of cdA
and crr, as (ai, bi) ≈ (3000, 140000) for the first n

2 tests and (ai, bi) ≈ (7040, 107000) for the final n2 tests.
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Chapter 4

Battery size calculation

As shown in chapter 2, choosing an optimal battery size is of vital importance in a team’s chances of
winning the 2017 World Solar Challenge Cruiser Class. On a qualitative aspect, carrying a smaller battery
(thus reducing the weight) is better for the efficiency of the car. However, a smaller battery will increase
the number of charges. When a car charges during a night, it will end up with a full battery regardless of
static charging (thus basically losing the static charging energy for that night). Thus when doing more
charges, more energy will be lost via static charging. However, it appears that the most influential factor
will be the ability to adjust the strategy to differing weather circumstances. In order to estimate these
effects, a climate model needs to be constructed.

In this chapter, an attempt is made of constructing a simple statistical climate model, and optimizing
a battery size such that the expected score is maximized under the climate model. In this model, the
weight of the battery, as well as the static charging energy lost (approximately 7% of the daily solar
energy) when recharging the battery overnight.

4.1 Construction of a climate model

4.1.1 Solar irradiance

The most important issue with the climate model is to construct reliable data samples. We’ve gathered
historical daily solar irradiance data (kWh/m2/day) from the Australian Bureau of Meteorology on
various locations along the route of the past 25 years. Data has been used from 26 weather stations
along or close to the route, of which about 26000 data points have been collected, of which only about
2100 were measured in October. However, these are all data at a certain point in time and at a certain
point of the route. Translating these date points to the World Solar Challenge scenario is not entirely
trivial. After all, we are interested in the weather profile for a moving object during a 6 day challenge
over a 3000km long route. This has consequences for the average and the variance. To compute samples
of these circumstances we constructed a “World Solar Challenge simulation” in which we simulated a car
going over the route on a constant speed.

Assume we have daily solar irradiance measurements at various points of the routes on the period
over which we want to estimate the solar yield d = 1, .., 6, called E(s, d). Furthermore, assume we have
a progress function s(t) which models the distance from the start of a car (in km from the start) at a
certain point t, by driving a constant speed, such that the car finishes exactly at 14:00 day 6. s(t) is
defined from starting time of the challenge t0 until finishing time t1. Now, an estimate of the daily solar
energy at a certain point s(t) is made via the following formula:

Ê(s(t)) = E(s1, d) +
E(s2, d)− E(s1, d)

s2 − s1
· (s(t)− s1) (4.1)

Where s1 and s2 are the locations of the nearest weather stations before and after s(t), and d is the day
that time t is on. The estimate of the total solar yield over the 6 days challenge will then be:

Eest =
1

t2 − t1

∫ t2

t1

Ê(s(t)) · dt (4.2)
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Statistical data constructed in this way will hopefully average and spread resembling reality. Unfortu-
nately, as sometimes some data was missing, there were two years that had incomplete data. As there
was not enough time to rewrite the models such that they were able to omit a location along the route,
these years have been omitted.

No distribution has been found that describes the solar energy used during the period of the world
solar challenge, therefore we use the simple P (I < i) ≈ #I<i

#I and interpolate between these probabilities:

Figure 4.1: Average solar irradiance per day over the race time-period when simulating a moving car
across the World Solar Challenge route

As one may notice, there is a strong dependency of solar irradiance on the date (which is logical, given
that in October it is springtime in Australia and the days are getting longer). The average daily solar
irradiance between 8-13th of October is 6.774kWh/m2/day, which comes down (considering that out of
minute based solar data appears that about 93% of the daily solar energy is collected between 8:00 and
17:00) to an 700W/m2 average during driving hours.

4.1.2 Wind

For the wind model, about the same is done as with solar irradiation. Data from historical wind meas-
urements at ground level from the Australian Bureau of Meteorology was bought for this purpose, and
a similar “World Solar Challenge simulation” was conducted. Here, the data samples were interpolated
between the measurement points on the location in front and behind the car, and timestamp before and
behind the car. Furthermore, via some geometry, the wind in the driving direction is calculated.

We gathered data from the past 50 years of 6 weather stations along the route, which were recorded
every three hours (starting at 12a.m.). These data points are called w(s, t) with s being the location on
the route, and t being the current time. Again we model the car at a constant speed, and express the
distance at time t as s(t). At a certain point (s, t) the wind is modelled as:

ŵ(s, t) = ŵ2(s, t1) +
ŵ2(s, t2)− ŵ2(s, t1)

t2 − t1
· (t− t1) (4.3)

Here:

ŵ2(s, t) = w(s1, t) +
w(s2, t)− w(s1, t)

s2 − s1
· (s− s1) (4.4)

Here, s1 and s2 are the closest stations on the route before and after s and t1 and t2 are the closest
measurement points in time before and after t. ŵ(s, t) may be regarded as an interpolation between the
four measurements w(s1, t1), w(s1, t2), w(s2, t1) and w(s2, t2). Now, an estimate of the average wind
during a year is given by

west =
1

t2 − t1

∫ t2

t1

ŵ(s(t), t) · dt (4.5)

Furthermore, again there was no time to rewrite models to cope with missing data points (t, s), and
the Bureau of Meteorology had classified some (older) data as less reliable, which lead to several years
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being omitted. The results, based on data from 21 years are shown below. Here, the difference between
the taken intervals is deliberately two weeks in order to minimize correlation.

Figure 4.2: Average tailwind over the race time-period simulating a moving car across the World Solar
Challenge route

A slightly less trivial correlation seems to be visible between the period of the year and average wind
speed. This does seem to match the Bureau of Meteorology wind-maps. Obviously, the data from October
8th - 13th is going to be used. However, some reservations have to be made while interpreting these wind
speeds. Since these data points are only weighted averages of measurements at a limited number of points
in distance and time, rather than a continuous measurement over 3000km, it’s likely that the effects of
wind gusts are greater on our constructed samples than is realistic. This could result in the variance of
the samples being greater than is realistic.

4.2 Battery optimization strategy

We calculate the score of a certain battery size b by using the previously developed strategy optimization
model described in chapter 3 and filling in the battery mass. Please note that due to the change in
battery mass, the car mass m also changed. Now, under different weather circumstances, the score is
calculated and the expectancy of the score is then computed by equation 2.3.1:

E[Sb] ≈
∫
wind

∫
solar

P (wind, solar) · maxb(wind, solar)
max(wind, solar)

(4.6)

Here:

• maxb(wind, solar) is the score of the best strategy found for this battery via the strategy optimiz-
ation algorithm described in chapter 3, with a brute force depth of 4.

• max(wind, solar) is the score of the best strategy found for any considered battery size.

• P (wind, solar) is the probability of this wind speed and this solar irradiance, as described by the
climate model.

Please note that in equation 4.6, wind and solar irradiance are assumed to be independent. The division
by max(wind, solar) is used to compensate for the different order of magnitudes that scores get when in
good weather, as all teams will score better in that scenario. The integrals are approached by Riemann
sums, calculated by taking a ∆wind and ∆solar.
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There existed a large step size in the batteries taken into consideration. Due to technical constraints,
the number of battery cells that needed to be connected in series was fixed, and the only option was to
increase or decrease the number of these parallel connected “rows” of cells. This created a discrete step
size of about 1.7kg of battery mass. This made calculations easier, as only the relevant battery sizes had
to be calculated.

4.3 Conclusions

The following battery sizes have been computed:

Mass (kg) 22.136 23.839 25.542 27.145 28.948 30.650 32.362 34.065
Score 0.8632 0.8909 0.9020 0.9045 0.9051 0.9025 0.9001 0.8945

Table 4.1: Results of the battery optimization computations.

Batteries not listed in this table showing worse scores. The difference in the expected score only differs
by 0.2% for many battery sizes. This means that other, more practical, arguments were also relevant in
choosing the battery size.

First of all, one may notice the performance of a battery reducing ever more drastically if the battery
is chosen too small. This is because in some bad weather scenarios, the strategy model cannot find any
finishing strategy thus gives a score of 0. As at the time of decision, the parameters of the car were
estimations, it could . It could avoid choosing a battery size that is too small (and thus the steep drop
off) in case the parameters of the solar car turn out to be worse than expected. It has to be noted
however that taking into account the worst irradiance, and wind (despite the data points being from
different years) would require a 44kg battery.

A second possible problem in choosing the battery mass was the load on the front axis of our car,
which unfortunately appeared to be higher than our mechanical engineers expected. The mass on the
front axis of the car was close to the maximum load, and as the battery of Stella Vie is located in the
front of the car, choosing a smaller battery could help negotiating this problem.

That is why a battery size of 30.650kg had been chosen. Simulations showed that with minor adjust-
ments in the parameters the expectant score would stay safely from the “drop off”, and our mechanical
engineers assured that this battery was light enough for then.

4.3.1 Tire choice

Furthermore, as Solar Team Eindhoven had never used Bridgestone tires before, calculations were made
in order to compare different types of tires. Although we were quite sure that the low rolling resistance
and high maximum load (thus more passengers) combination that the Bridgestone tires offered would
be the best solution for our purpose, it might also be interesting to simulate what happens if these new
tires turn out to be unreliable, and what the performances of the tires used in 2013 (Schwalbe) and 2015
(Michelin) would be. This can only be calculated with help of the battery model, as for different tires
and configurations the optimal battery mass changes.

• Using Michelin tires (lower rolling resistance, maximum of 2 occupants): score of 0.63 for optimal
battery.

• Using Schwalbe tires (higher rolling resistance): score of 0.59 for the optimal battery.

• Adding 1 hour margin to fix flat tires using Bridgestones: score of 0.83 for a battery of 30.650kg.

4.4 Future Improvements

We could have investigated the relationship between wind and solar irradiance, as the assumption that
these are independent is controversial. One could rewrite the models to cope with missing measurements
such that data points could be constructed for more years. Furthermore, more research could be done
into converting the wind measurements (which are taken over a period of 10 minutes) to daily averages,
in order to better estimate the variance.
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Chapter 5

Minimizing energy usage under
changing circumstances

In chapter 2 and in section 3.3, we modelled the speed to be constant (for each stint). In this chapter, this
design choice is going to be analyzed. How can one design a speed profile that is optimal under certain
weather circumstances? Obviously, one may model the weather as a function W (s, t) = (I, w), with wind
and irradiance dependent on time and place on the route. In order to simplify things a little bit, first
we will model weather as either time or distance dependent only (W (s) = (I, w) and W (t) = (I, w)).
Furthermore, in this chapter, an approach is given to handle These would act as a modification of the
optimization layer described in section 3.3.

However, due to time constraints and lack of testing possibilities, these speed profiles have only been
theoretically designed. They have not been implemented or tested.

5.1 Single-dimensional speed profile optimization

Please consider the following problem. Assume we have a battery power function for a solar powered
car φ(v, w, I) = c1 · (v − w)2 · v + c2 · v − c3 · I + c4, with c1, ..., c4 based on the parameters of the solar
car. Now if we assume that w and I are given by some time dependent functions w(t) and I(t), then one
could define the total external energy usage from time t1 to t2 as:

E =

∫ t2

t1

(c1 · (v(t)− w(t))2 · v(t) + c2 · v(t)− c3 · I(t) + c4)dt (5.1)

Now, one could investigate v(t) such that the external energy usage is minimized without driving slower.

That is, minimize E while stating that the distance traveled
∫ t2
t1
v(t)dt = S for some S. In general, one

could rewrite problem as minimizing E =
∫ t2
t1
φ(v(t), t)dt for some φ(v, t) under the constraint

∫ t2
t1
v(t) =

S. In the following lemma, the optimal solution for the general problem is investigated.

Lemma 5.1.1 (Optimal speed profile). Let A be a real interval (finite or infinite), and t1, t2 ∈ R Let AS
be the set of all functions v(t) : (t1, t2) → A such that

∫ t2
t1
v(t) = S for some constant S. Assume that

v(t) and φ(v, t) are sufficiently smooth functions (that is: all relevant derivatives and integrals exist), and
assume ∀t∈(t1,t2) : φ(v, t) is convex with regards to v. Suppose one wants to find a function v(t) ∈ As
such that

E =

∫ t2

t1

φ(v(t), t)dt (5.2)

is minimized. Then if a speed profile v(t) ∈ AS exists with the property

∀t∈(t1,t2) :
∂φ(v, t)

∂v

∣∣∣∣
v=v(t)

= C (5.3)

with C a constant, a solution is given by v(t).
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Proof. Assume that v(t) ∈ AS is chosen such that equation 5.3 holds. Let h(t) ∈ AS . It can be written

in the form: h(t) = v(t) + ∆v(t),
∫ t2
t1

∆v(t) = 0. Consider

E∗ =

∫ t2

t1

φ(v(t) + ∆v(t), t)dt (5.4)

If it can be proven that E∗ − E ≥ 0, then the lemma holds.

E∗ − E =

∫ t2

t1

φ(v(t) + ∆v(t), t)− φ(v(t), t)dt (5.5)

As φ(v, t) is convex with regards to v, φ will lie above all its tangents:

φ(v + ∆v, t) ≥ φ(v, t) + ∆v · ∂φ(v, t)

∂v
(5.6)

And as we know that 5.3 holds, we can fill in v = v(t) and ∆v = ∆v(t), replace the derivative by C and
subtract both sides by φ(v(t), t) to find:

φ(v(t) + ∆v(t), t)− φ(v(t), t) ≥ ∆v(t) · C (5.7)

Now, we obtain by filling in equation 5.7 in equation 5.5.

E∗ − E =

∫ t2

t1

φ(v(t) + ∆v(t), t)− φ(v(t), t)dt

≥
∫ t2

t1

∆v(t) · C · dt = C

∫ t2

t1

∆v(t)dt = C · 0 = 0

(5.8)

Thus indeed, E with speed profile v(t) is minimal.

This lemma will turn out to be quite helpful. Not only may it be used for the problem stated in
equation 5.1, but also for several other alternative, more sophisticated energy models. One may also able
be able to show uniqueness of the optimal solution:

Lemma 5.1.2 (Uniqueness of optimal solution). Assume lemma 5.1.1 holds. Let ∀t ∈ (t1, t2): φ(v, t)
be strictly convex with regards to v, and let the solution v(t) be unique except for equivalents. (Two
functions v1, v2 ∈ AS are said to be equivalent if they are equal except loose points, thus: @ open interval
(a, b) ⊆ (t1, t2): ∀t∈(a,b) : v1(t) 6= v2(t).)

Proof. Assume we have a non-equivalent function to v(t) : v2(t), with difference function ∆v(t). As v2 is
non-equivalent, we know ∃ open interval (a, b) ⊆ (t1, t2): ∀t∈(a,b) : ∆v(t) 6= 0. Now, as φ(v, t) is strictly
convex, we also know that iff ∆v(t) 6= 0:

φ(v(t) + ∆v(t), t) > φ(v(t), t) + ∆v(t) · ∂φ(v, t)

∂v

∣∣∣∣
v=v(t)

(5.9)

Similarly to the proof of lemma 5.1.1, we use ∀t∈(a,b) : ∆v(t) 6= 0 to use inequality 5.9 on the interval
(a, b), and we use inequality 5.7 for the intervals (t1, a) and (t2, b) to find:

E∗ − E =

∫ t2

t1

φ(v(t) + ∆v(t), t)− φ(v(t), t)dt

≥
∫ a

t1

∆v(t) · C · dt+

∫ b

a

φ(v(t) + ∆v(t), t)− φ(v(t), t)dt+

∫ t2

b

∆v(t) · C · dt

>

∫ a

t1

∆v(t) · C · dt+

∫ b

a

∆v(t) · C · dt+

∫ t2

b

∆v(t) · C · dt = C ·
∫ t2

t1

∆v(t) · dt = 0

(5.10)
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It has to be noted however that lemma 5.1.1 in general does not hold without convexity. An example
for this is using equation 5.1 with t1 = 0, t2 = 3600 and w(t) = −3 if t ≤ 900 and w(t) = 3 else. This
represents driving an hour with 15 minutes tailwind and 45 minutes headwind. The average speed should
be 18m/s. Let the family of speed profiles be given by 18− 3∆v during the first 15 minutes and 18 + ∆v
during the remaining 45 minutes, for some ∆v ∈ R. Now the speed profile can be given by.

E =

∫ 900

0

c1(18− 3− 3∆v)2(18− 3∆v) + c2 · (18− 3∆v)dt

+

∫ 3600

900

c1(18 + 3 + ∆v)2(18 + v)dt+ +c2 · (18 + ∆v)dt

+

∫ 3600

0

c4 − c3 · I(t)dt

= −10800 · c1 · (2 ·∆v3 − 51∆v2 − 108∆v − 2322) + c2 · 64800 +

∫ 3600

0

c4 − c3 · I(t)dt

(5.11)

Here, we see that as c1 > 0, this is a third order polynomial for ∆v, which diverges to −∞ as ∆v goes
to +∞. However, a local minimum exists at ∆v = −1, and this is the minimum for all realistic ∆v,
conforming to the solution in 5.1.1. Thus, in order to apply this lemma, it is key to investigate convexity,
and assumptions needed to have convexity for all realistic v.

5.1.1 Application of the optimal speed profile lemma in time dependent cir-
cumstances

Consider the power function described in equation 5.1:

φ(v(t), t) = c1 · (v(t)− w(t))2 · v(t) + c2 · v(t)− c3 · I(t) + c4 (5.12)

Strict convexity applies if ∂2φ(v,t)
∂2v

∣∣
v=v(t)

= c1 · (6v(t) − 4w(t)) > 0. This is realistic, as, c1 > 0 and

equation 5.12 is only accurate if v(t) ≥ w(t) (see section 2.1). Thus, φ(v(t), t) is convex for any realistic
speed and wind profiles. Lemma’s 5.1.1 and 5.1.3 now state that the unique optimal speed profile is such
that

∂φ(v, t)

∂v

∣∣∣∣
v=v(t)

= c1 · (v(t)− w(t)) · (3v(t)− w(t)) + c2 = C (5.13)

Here, C is a constant. Rewriting yields:

vK(t) =

√
K + w(t)2 − 2w(t)

3
(5.14)

Here, K is constant, and chosen such that
∫ t2
t1
vK(t)dt = S.

5.1.2 Speed profiling under distance dependent weather

Suppose one wants to model the weather as distance dependent only. One may define a distance dependent
equivalent by rewriting the power function φ(v(t), w, I) described in equation 5.12 to a force function
φ(v,w,I)

v . Then if we assume w(s) and I(s) are solely distance dependent, one may rewrite the problem
stated in equation 5.1 to:

E =

∫ s2

s1

φ(v(s), s)

v(s)
ds =

∫ s2

s1

(c1 · (v(s)− w(s))2 + c2 − c3
I(s)

v(s)
+

c4
v(s)

)ds (5.15)

Here, φ(v(s), w(s), I(s)) is written as φ(v(s), s) for simplification purposes, and s1 and s2 are the starting
and finishing position (in m). Now, to maintain average speed, the total driving time

∫ s2
s1

1
v(s)ds = T (in

s) is defined constant.
A solution may be investigated by rewriting q(s) = 1

v(s) and apply lemma’s 5.1.1 and 5.12 on

φ̂(q(s), s) = φ(v(s),w,I)
v(s) under the constraint

∫ s2
s1
q(s)ds = T . Please note that this approach is applicable
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to any energy model φ(v, w, I), thus any energy model defines time dependent and distance dependent

problems. In general, since φ̂(q(s), s) = φ( 1
q(s) , w, I) · q(s), one may use the following equation in order

to convert the time dependent solution to a distance dependent solution:

∂φ̂(q, s)

∂q

∣∣∣∣
q=q(s)

= φ(v(s), w(s), I(s))− v(s) · ∂φ(v, w, I)

∂v

∣∣∣∣
v=v(s),w=w(s),I=I(s)

(5.16)

Thus having the time dependent solution yields the distance dependent solution and vice verse. Further-
more:

∂2φ̂(q, s)

∂2q

∣∣∣∣
q=q(s)

= v(s)3 · ∂
2φ(v, w, I)

∂2v

∣∣∣∣
v=v(s),w=w(s),I=I(s)

(5.17)

Since v > 0, we know that convexity for the distance dependent problem must satisfy the same conditions
for v, w and I as in the time dependent problem.

Applying the optimal speed profile lemma in distance dependent circumstances

We need to find q(s) such that

E =

∫ s2

s1

φ̂(q(s), s)ds (5.18)

is minimized under the constraint
∫ s2
s1
q(s)ds = T , with φ̂(q(s), s) being

φ̂(q(s), s) = c1 · (
1

q(s)
− w(s))2 + c2 − c3 · I(s) · q(s) + c4 · q(s) (5.19)

Before lemma 5.1.1 can be applied, we will have to investigate

∂2φ̂(q, s)

∂2q

∣∣∣∣
q=q(s)

=
6− 4 · w(s) · q(s)

q(s)4
= v(s)3 · (6 · v(s)− 4 · w(s)) > 0 (5.20)

Where, since v(s) > 0, inequality 5.20 is equivalent again to 6 · v(s)− 4 · w(s) > 0, which is realistic, as

is described in section 5.1.1. Thus φ̂(v(s), s) is strictly convex for all realistic speeds and winds.
Lemma 5.1.1 now states that the unique optimal speed profile will be found by finding v(s) such that:

∂φ̂(q, s)

∂q

∣∣∣∣
q=q(s)

= −
2c1 · ( 1

q(s) − w(s))

q(s)2
− c3 · I(s) + c4

= −2c1 · (v(s)− w(s)) · v(s)2 − c3 · I(s) + c4 = C

(5.21)

Here C is constant. Simplifying yields:

2c1 · (v(s)− w(s)) · v(s)2 + c3 · I(s) = K (5.22)

With K constant. Please note that as this is a third order polynomial, rewriting this to v(s) does not

deliver a “clean” formula. However, since ∂2φ̂(q,s)
∂2q

∣∣
q=q(s)

> 0 on the specified domain, this equation only

has one solution. The distance dependent problem yields a significantly different solution for v than its
time dependent equivalent (see equation 5.14). However, it is a well defined speed profile. Furthermore,
one might notice that a rise in solar power results in a decrease of speed and vice verse.

5.1.3 Examples of non-constant speed optimization versus constant speed
optimization

Finding an optimal speed profile is only relevant if one could get an estimate on how much energy this
actually saves compared to the “constant speed strategy” discussed in section 3.3. In order to illustrate
what will help significantly and what will not, we will consider a few examples.
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Example 1: time dependent wind
Assume a scenario in which the standard 4-seater car described in table 2.3 will travel with a 3m/s
tailwind for the first half hour, and a 3m/s headwind for the last half hour, while driving an average
speed of 18m/s. We will only consider the aerodynamic drag, as we know that the total energy lost by
rolling resistance will be constant using our models.

Ec =

∫ 1800

0

c1 · (15)2 · 18 · dt+

∫ 1800

0

c1 · (21)2 · 18 · dt = c1 · 21578400 (5.23)

For the optimal speed profile, the solution is given by choosing ∆v such that E in equation 5.24 is
optimized.

E =

∫ 1800

0

c1 · (15 + ∆v)2 · (18 + ∆v) · dt+

∫ 1800

0

c1 · (21−∆v)2 · (18−∆v) · dt

= 194400 · (∆v2 − 4∆v + 111) = 20800800 · c1
(5.24)

Here ∆v = 2. This means that optimizing the speed profile under these (quite severe) wind blasts leads
to a 3.60% decrease in energy lost to aerodynamic drag. Please note that this speed profile is of the form
described in equation 5.14.

Figure 5.1: s,t diagrams and aerodynamic energy usage of the optimal speed profile versus the constant
speed profile in example 1. Here the blue colored area is the area in which a headwind is modelled. Please
note that the aerodynamic energy for the optimal speed profile usage does change after t = 1800s.

Example 2: Distance dependent wind We take on example 1, only now we define the total driving
distance to be 64.8km and the allowed driving time 1 hour. Please note that this results in an hour test
with an average speed of 18m/s, similar to example 1. However, the wind is set to blown for the first
32.4km at a 3m/s headwind and for the last 32.4km at a 3m/s tailwind. Now this, unsurprisingly, leads
to Ec = c1 · 21578400 for constant speed, as calculated in example 1, as the half hour mark with constant
speed matches the 32.4km mark. Now:

E =

∫ 32400

0

c1 · (v1 − 3)2ds+

∫ 32400

0

c1 · (v2 + 3)2ds

≈ c1 · 2.13838 · 107
(5.25)

Where v1 = 19.0577 and v2 = 32400
3600− 32400

v1

in order to comply with the total driving time of one hour.

Please note that this solution is of the form described in equation 5.22. Surprisingly, the optimal profile
is considerably different from example 1 and the reduction in energy lost to aerodynamic drag is only
0.90%.
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Figure 5.2: s,t diagrams and energy usage of the optimal speed profile versus the constant speed profile
in example 2. Here the blue colored area is the area in which a headwind is modelled.

Example 3: Distance dependent irradiation It is not useful to make an example for time dependent
irradiation, as the total solar irradiation will be independent of any speed profile (given average speed).
Now, consider a scenario where again, we define the total driving distance to be 64.8km and the allowed
driving time 1 hour. Now, during the first 32.4km, the solar irradiation will be 200W/m2, comparable
to irradiation during midday with heavy clouds. During the last 32.4km, the solar irradiation will
be 1000W/m2, comparable to solar radiation during midday with clear skies. Here c1 = ρ·cdA

2·ed , c2 =

crr · (m + 80 · np) · g and c3 = es · As are of importance to the relative gain, so the parameters of the
standard 4-seater in table 2.3 are used in this example. We will consider the energy energy usage, thus
energy used minus energy gained.

Ec =

∫ 32400

0

c1 · 182 − 200 · c3
18

ds+

∫ 32400

0

c1 · 182 − 1000 · c3
18

ds+ 64800 · c2

≈ 2.69603 · 106
(5.26)

E =

∫ 32400

0

c1 · v21 −
200 · c3
v1

ds+

∫ 32400

0

c1 · v22 −
1000 · c3

v2
ds+ 64800 · c2

≈ 2.62808 · 106
(5.27)

Where v1 ≈ 19.6675m/s, and v2 = 32400
3600− 32400

v1

in order to comply with the total driving time of one hour.

Please note that this solution is of the form described in equation 5.22. So in this case, driving an optimal
speed profile would result in a decrease in total energy consumption of 2.52%.

Figure 5.3: s,t diagrams and energy usage of the optimal speed profile versus the constant speed profile
in example 2. Here the blue colored area represents the clouded area.
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Example 4: Time and distance dependent solar irradiation In order to show just how important
small changes in weather circumstances are, assume that the edge of the cloud is at s = 27000 at t = 0,
and it moves with 3m/s in the driving direction of the car. So at the first part the car will be driving
under a cloud (I = 200W/m2), and the second part the car will be driving in the sun (I = 1000W/m2).
If the car drives at speed v > 3, the interception will be at s = 27000·v

v−3 . Please note that this means
that when driving with 18m/s the interception will be at s = 32400, thus when driving at 18m/s, as
calculated in example 2: Ec ≈ 2.69603 · 106.

Now, one wants to optimize

E =

∫ 27000·v1
v1−3

0

c1 · v21 −
200 · c3
v1

ds+

∫ 64800

27000·v1
v1−3

c1 · v22 −
1000 · c3

v2
ds+ 64800 · c2

≈ 2.59923 · 106

(5.28)

Here, v1 = 20.0374 and

v2 =
64800− 27000·v1

v1−3

3600− 27000
v1−3

=
21v1 − 108

2v1 − 21
(5.29)

in order to preserve a total driving time of 1 hour. This means the optimal speed profile reduces the total
energy consumption of the car by 3.59% compared to the constant speed profile.

Figure 5.4: s,t diagrams and energy usage of the optimal speed profile versus the constant speed profile
in example 2. Here the blue colored area represents the clouded area.

Thus the slow movement of a cloud can drastically change the optimal speed profile. Combining this
with varying wind would result in a further difference with regards to an optimal speed profile. One may
conclude that multi-dimensional speed profiling is worth investigating.

5.1.4 Minimizing efficiency versus maximizing speed

Please note that the problem described “minimizing energy usage under constant average speed” also can
be stated as a similar problem, in which under constant energy usage, the average speed is maximized.
This is of use in speed dependent categories, like the Challenger Class. It can be easily seen however that
if φ is either an entirely increasing or entirely decreasing function, the speed profile will be of the same
form.

Lemma 5.1.3 (Conversion from energy minimization to speed maximization). Assume a solution for the
problem described in lemma 5.1.1 is of the form vk(t) for some k (with vk(t) increasing as k is increased).
Assume φ(v, t) is continuous, and entirely increasing as v is increased. And assume an optimal solution

exists for maximizing S =
∫ t2
t1
v(t)dt under the constraint

∫ t2
t1
φ(v(t), t)dt = E for some constant E. Then

an optimal solution will be of the same form.

Proof. Assume for a constant E there exists an optimal solution for the “maximize average speed under
constant energy usage” problem, called v(t). Now, solve the “minimize energy usage for a constant
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average speed” for a constant S =
∫ t2
t1
v(t)dt to find a speed profile of the form vk(t) and an energy usage

E2. There are now two options:

• E2 = E, in which vk(t) is also an optimal speed profile for “maximize average speed under constant
energy usage” problem with constant E.

• E2 < E, in which one may increase k to find a speed profile of the form vk∗(t) with
∫ t2
t1
vk∗(t) > S

with
∫ t2
t1
φ(v(t), t)dt = E. This is not possible, as v(t) now is not an optimal solution for the

“maximize average speed under constant energy usage” problem.

• E2 > E. In this case, as already a speed profile v(t) is found with
∫ t2
t1
v(t)dt = S and

∫ t2
t1
φ(v(t), t)dt =

E < E2, vk(t) is no optimal solution for the “minimize energy usage for a constant average speed”
problem, thus this is not possible.

A similar proof can be given for the distance dependent problem, only now φ̂(q(s), s) is a constantly

decreasing function in terms of q(s), and
∫ s2
s1
φ̂(q(s), s)ds = T has to be minimized.

5.1.5 Speed profile optimization examples for different energy models

φ(v(t), t) = c1 · (v(t)− w(t))2 · v(t) + c2,a · v2 + c2,b · v − c3 · I(t) + c4 (5.30)

Some solar teams use rolling resistance models of the form Froll = ca ·v+ cb (hence Proll = ca ·v2 + cb ·v).

Here, ∂2φ(v,t)
∂2v

∣∣
v=v(t)

= c1 · (6v(t) − 4w(t)) + 2 · c2,a > 0, and since c2,a > 0, similarly to equation 5.12,

this satisfies for all realistic v and w. Now, acoording to lemma’s 5.1.1 and 5.1.3, the unique optimal

speed profile is given by vK(t) =
−c2,a+2c1·w(t)+

√
c22,a+K−4·c1·c2,aw(t)+c21·w(t)2

3·c1 . The distance dependent

equivalent is given by (2c1 · (v(s)− w(s)) + c2,a) · v(s)2 + c3 · I(s) = K. As illustrated in equation 5.17,
for convexity, the same criteria apply as for the time dependent problem.

Secondly, one may consider an energy model that includes l(v, s), an electrical loss function (in W)
that is convex for each s with regards to v. This function replaces the constant ed coefficient. Usually,
such function is expressed in terms of required motor force and speed l(F, v). The required motor
force is usually estimated via adding the resistance forces, acceleration forces and the gravitational force
Fmot(v, s) = c1 · (v(s)−w(s))2 + c2 · v(s) +m · ∂v∂t (s) +m · g · sin(α(s)), where α(s) is the gradient of the

road on distance s. If we neglect m · ∂v∂t , one can rewrite the resistance function to a function of speed
and location on the route l(v, s). Needless to say, it is not realistic to express α as a function of time,

thus one only has to consider the distance dependent problem. This yields the following formula for φ̂:

φ̂(v(s), s) = c1 · (v(s)− w(s))2 + c2 − c3 ·
I(s)

v(s)
+

c4
v(s)

+ l(v(s), s) (5.31)

The optimal speed profile is given by 2c1 · (v(s)−w(s)) · v(s)2 + c3 · I(s) + v2 · ∂l(v(s),s)∂v = K. Convexity is

given by v(s)3 · (6 · v(s)− 4 ·w(s) + ∂2l(v,t)
∂2v

∣∣
v=v(t)

) > 0, and since ∂2l(v,t)
∂2v

∣∣
v=v(t)

≥ 0, similarly to equation

5.20, it is convex for all realistic v and w.

5.2 Multi-dimensional speed profile optimization

In order to approximate an optimal speed profile under a time-distance weather map W (s, t) = (I, w),
we are going to approximate via a discrete solution and model it via a shortest path graph problem. A
similar approach is given by A. Scheidegger [15]. The solution below however was developed without
knowlegde of Scheidegger’s approach.

Assume that we have a timestep ∆t and a speedstep ∆v, as well as minimal and maximal speeds
considered va and vb. We describe the set of speeds {va, va + ∆v, va + 2∆v, ..., vb} = V . Now, starting
at (t0, s0), minimize ∆t ·

∑
φ(vi, ti, si) under the constraint ∆t

∑
i vi = S with

∑
∆t = T constant and

si = ∆t · vi + si−1.
This problem can be solved as a shortest path problem. Construct the following graph, where we

have a grid of nodes resembling points on the distance/time map. From a starting point (t0, s0), draw
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a new node (t, s) with t − t0 = ∆t and s = s0 + ∆t · v, with v ∈ V , and draw an edge (t0, s0) → (t, s).
Recursively repeat for all v ∈ V and all new nodes until either s > S or t > T . The edge weight will be
given by ω = ∆t · φ(v, t, s).

In order to simplify the graph, one could eliminate all nodes (t, s) where va · (T − t) ≥ (S − s) or
vb · (T − t) ≤ (S−s), the nodes for which an average speed greater than vb or smaller than va is needed in
order to finish. Now one could apply Dijkstra’s algorithm to find the optimal speed profile, or one could
apply A∗ if a lower bound for φ can be constructed.

Figure 5.5: Simple example of modelling the speed profiling problem from (0, 0) to (560, 30) as a graph
problem. Here, V = {18, 19} (m/s) and ∆t = 10 (s). From the dotted states, no path can be found to
the desired state, so these (and their vertices) can be omitted. The simulation layer is used to calculate
the energy usage for each vertex. The bold lines show the optimal path, found via Dijkstra’s algorithm.

5.2.1 Combining the shortest path optimization with the simulation layer

One could model φ(v, s, t) by using the simulation layer to model the energy usage given w(s, t) and
I(s, t). Now, one could implement Dijkstra or A∗ and only calculate the weight of the edge if its weight is
needed for shortest path computation. Now, in total there are O(n2 · |V |) nodes with n being the number
of timesteps. As there are at most |V | vertices of each node there are O(n2 · |V |2) vertices. This means
that the algorithmic complexity of applying Dijkstra or A∗ is O(n2 · |V |2). However, one could optimize
this as the computationally heavy solar model could be precalculated for all O(n2 · |V |) nodes.

5.3 Local uncertainty under global speed profiling

One could use the solution in 5.2 (called long term profiling) in order to determine the speed a car ideally
needs to drive in order to solve the distance-time dependent weather problem. However, for long term
weather predictions, only averages are given. For example, the weather models can predict an average
cloud coverage at a certain point in (s, t), or an average irradiance, but on a macroscopic level the weather
forecasts cannot predict the exact location of clouds or wind gusts.

Wind gusts are often short and will require rapid acceleration or deceleration in order to adhere to
an optimal speed profile, which will not only be hard to get right (an acceleration or deceleration too
late or too early will only increase the energy usage) but it will also increase electrical losses (see section
5.4). However, it is realistic to adjust the speed profile to each cloud. In this section, we attempt to find
a method to negotiate these clouds in an optimal speed profile, while also generating a good estimator
for the energy usage.

5.3.1 Short term profiling

Assume an average irradiance on a short time interval Iavg, given by the weather model. Assume that I
has probability mass distribution function fI for the irradiance, with E[I] = Iavg. Here fI describes the
probability distribution at a certain point in distance time (s, t). Now we call the optimal speed profile
vK(w, I), which is of the form described in equation 5.22, with K chosen such that

T = S ·
∫ ∞
−∞

fI(x)

vK(w, x)
dx (5.32)
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Here T and S are defined by the long term profile. Please note that fI might be simplified to a
discrete model (see the example below), with corresponding formula being the discrete equivalent of the
continuous equation above. Here, the law of the unconscious statistician now describes that for the time

it takes to cover a distance S: T = S
vK

we know E[ S
vK(w,I) ] =

∫∞
−∞

S·fI(x)
vK(w,x)dx. Please note that we now

use live I measurements to determine the speed at which it is optimal to drive. The expected energy
usage over this interval is:

E[E] = S ·
∫ ∞
−∞

φ(vK(w, x)) · fI(x)dx (5.33)

This can be used in the long term profile as the weight of this particular edge. Now, if one is able to
generate a somewhat realistic distribution out of a weather forecast, one can also automatically generate
a local optimal speed profile that complies with constraints by the long term speed profile.

Figure 5.6: Schematic illustration of how the short term and long term profiling strategies interact to
form a speed strategy.

5.3.2 Short term speed profiling, an example

Assume that the long term speed profiling prescribes that in a time interval of 600s, a distance of 10800m
needs to be covered. Also, during this point in (s, t) we model no wind. Furthermore, using cloud coverage
predictions, Idiffuse and Ibeam we construct the following probability distribution:

• 30% of the route is cloudless and I = 1000 W/m2.

• 70% of the route is clouded and I = 500 W/m2.

Here, we know that Iavg = 0.3 · Isun + 0.7 · Icloud. Then we use equation 5.22 to find out that with the
parameters of the standard 4-seater described in table 2.3 for the optimal speed profile Vk(0, I)

vK(0, I) = 0.71791 · 3
√
K − 11 · I (5.34)

Here, K is chosen such that:

600 = 10800 ·
( 0.3

vK(0, 1000)
+

0.7

vK(0, 500)

)
(5.35)

This results in K = 23209. In general, 5.22 may not have a neat solution, thus vK and K might have
to be approximated. Now the optimal speed profile is given by v(0, I) = 0.71791 · 3

√
23209− 11 · I, thus

v = 16.53m/s when driving in the sun and v = 18.71m/s when driving under the clouds. Please note
that by construction: E[ S

vK(w,I) ] = T . This will result in an expected energy usage of:

E[E] = 10800 ·
(

0.7 ·
(ρ · cdA · 18.712

2 · ed
+ crr · g · (m+ 80 · np) +

Paux − es ·A · 500

18.71

)
+0.3 ·

(ρ · cdA · 16.532

2 · ed
+ crr · g · (m+ 80 · np) +

Paux − es ·A · 1000

16.53

))
= 327677J

(5.36)

This is 1.35% lower than the expected energy usage when driving a constant speed in this example. This,
together with Eh, can be used to calculate the weight of the edge for the long term speed profiling. Please
note that the probability distribution is only used to find a good value for K and E[E]. The optimal
speed profile is a function that can calculate a speed for any irradiance level I.
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An issue with this short term profiling is the stability regarding errors in weather forecasts. To
illustrate this, assume that instead of 30% sun, this turns out to be only 20%, while the speed profile
is still based on the old weather forecast. Now, not only will the expected solar yield decrease by
10800 · 0.1 · (es ·A · ( 1000

16.53 −
500
18.71 ) = 40121J , the car will drive longer at a faster speed, thus the expected

energy usage will rise by 10800 ·0.1ρ·cdA2·ed · (18.712−16.532) = 4744J . In general, since a higher irradiance

means a lower speed in the optimal speed profile, a weather error in which E[I] is lowered will result in
vavg and E[E] being increased. This might result in more unstable behaviour and (if used) requires close
monitoring.

5.3.3 Including cloud movement in short term profiling

The strategy described in section 5.3.1 works for an irradiance map that is only distance dependent, thus
for clouds that do not move. In this section, clouds are going to be modelled as moving with a speed
of vcl (m/s). Here, a negative speed equals a cloud movement opposite of the driving direction. Let the
distribution for I be the following: the road is sunny (irradiance I1) for a ratio α and clouded (irradiance
I2) for a ratio 1− α. The strategy will exist of two speeds: a speed v1 for driving in the sun and v2 for
driving in clouds. An average speed has to be maintained of vc.

Note that since clouds are moving, the distance driven in the sun and driven in the clouds now are
dependent on v1 and v2. In fact, per meter of cloud, the solar car will drive v2

|v2−vcl| meters, or 1
|v2−vcl|

seconds, under that cloud. That means that

vc =
v1 · α

|v1−vcl| + v2 · (1−α)
|v2−vcl|

α
|v1−vcl| + (1−α)

|v2−vcl|

(5.37)

will have to hold for v1 and v2. It also means that:

E[P ] =
φ(v1, w, I1) · α

|v1−vcl| + φ(v2, w, I2) · (1−α)
|v2−vcl|

α
|v1−vcl| + (1−α)

|v2−vcl|

(5.38)

Here P is the power usage of the solar car. Obviously, one may minimize E[P ] under the constraint
described in equation 5.37. If one simulates for the standard 4 seater described in table 2.3, with w = 0,
I1 = 1000W/m2, I2 = 500 W/m2 and vc = 18, plot over cloud speed vcl and optimize v1 and v2 for each
vcl, the following results can be obtained:

Figure 5.7: Optimal speed profiling under moving clouds at different speeds (left), and energy usage
compared to other speed profiling strategies (right).

One may notice that when vc > vcl, v1 < v2, in order to maximize exposure to direct sunlight, as
explained in section 5.3.1. However, when vc ≈ vcl, v1 also approaches vcl, thus the expected time under

the sun
α

|v1−vcl|
α

|v1−vcl|
+

(1−α)
|v2−vcl|

converges to 100%. The intuition behind this optimal strategy is to find a gap

in the clouds and move along with that gap. v2’s divergent behaviour around vc = vcl is caused in order
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to adhere to equation 5.37. When vc < vcl: v1 > v2, in order to increase exposure to direct sunlight, as
now the fastest way to “clear” a cloud is to reduce speed and let the cloud pass over the solar car.

Furthermore, three different speed profiling strategies have been simulated: a strategy using the
optimal v1 and v2 as described, a strategy that uses v1 and v2 based on the optimal solution for vcl = 0
(both equally decreased or increased for each vcl to match equation 5.37), and a constant speed profile.
As one may notice, with reasonably slow moving clouds, the energy usage for the vcl = 0 optimum (which
can also be calculated for other I’s, as shown in section 5.3.1), does not differ much from the optimal
solution: at vcl = 4m/s the optimal, vcl = 0 optimum and the constant speed profile produce an E[P ] of
550.2W, 550.8W and 563.8W respectively. However, in extreme weather (vc ≈ vcl) the potential gains
can be significant.

5.4 Speed profiling under non-constant losses

Assume instead of a drive train efficiency coefficient ed, a loss function l(v, Pmot, Fmot) exists, with v
being the speed of the car, pmot being the current motor power and Fmot being the current motor force.
Then we could rewrite:

Fmot = Faccel + Fr(v) + Fhill(α) = m · ∂v
∂t

+ Fr(v) + Fhill(α) (5.39)

Here, α is the angle of inclination, Fr the drag resistance function, Fhill(α) the force created by undulating
terrain, Faccel the remaining force that causes acceleration or deceleration. As Pmot = Fmot · v, one could
rewrite this function to L(v, v′, α). Needless to say, a higher α leads to a higher Phill, and (if speed is
preserved) a higher Pmot. This will increase losses, thus it might we wise to apply a strategy that lowers
v′ in order to stabilize Pmot.

All available sources seem to agree that the optimal speed profile would be a strategy called “hill
anticipation”, in which the speed is increased before a steep incline and, in order to minimize electrical
losses, then is lowered during the inclination. The increase in speed before the hill leads to a smaller
deviation from the optimal speed while driving on the hill. An optimal strategy for the undulating route
is described by P. Howlett and P. Pudney [11][14].

Figure 5.8: Optimal speed profiles for hills, inclines or declines. Images courtesy of P. Pudney [14]
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Chapter 6

Effects of different kinds of scoring
models

As is explained in chapter 2, score formulas and competition concepts have a great influence in which
designs are competitive and which designs aren’t, and therefore have had great influence in the Cruiser
Class results and designs of the cars. As one also may have noticed, the 2017 regulations were complex and
required a complex strategy, while the focus on efficiency was large compared to 2013 and 2015. In this
chapter, we have taken the freedom to use the experience of 2013, 2015 and 2017 to create a regulations
proposal. A more elaborate report has been sent to the World Solar Challenge organization, with the
same mathematical basis, although more parameter sets have been estimated to better understand the
consequences of a score formula.

6.1 Criteria for Cruiser Class Regulations

First of all, one needs to establish criteria for a good competition concept.

• The balance between the efficiency and practicality parameters must be easily adjustable.

• There should be no bias on cars with fewer occupants or more occupants.

• Slower teams should be able to finish the World Solar Challenge.

• Weather conditions should have a minimal effect on the relative competitiveness of cars.

• The competition should be easy to understand for the general public.

It might be needed to stress that it is not the goal of this chapter to make decisions on the balance
between practicality and efficiency. We rather want to provide a framework in which its possible to
easily adjust this balance. Furthermore, we do believe that the number of occupants of a car should be
a creative decision, not incentivized by a score formula, and that the competition is easy and intuitive
to follow. Lastly, due to the bad weather circumstances and the high level of parameter knowledge and
modelling required to find a fitting battery size, many teams have misjudged the batteries needed to
finish. In general, in all Cruiser editions, only a handful of cars have finished. If one can make it easier
for the smaller teams to finish, this may broaden the field.

6.2 Basic principles for balanced regulations

In this chapter, we are going to analyze different competition concepts, to understand the quirks that
each of these concepts introduces, and which concepts allow to us to adhere to the criteria set in section
6.1. In this chapter, different score models are going to be considered and evaluated by their ability to
be balanced to a fair regulation.
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6.2.1 Speed versus energy usage versus distance

Please remember equation 2.9:

x

ed
· (1

2
· ρ · cdA · (v −w)2 + crr · g · (m+ 80 · np)) = (

x

v
+ tcs) · (I · es ·As − Paux) + nc ·mbatt · dbatt · 3600

It describes the relationship between the important design parameters. Please note that there are cur-
rently three ways used to examine a cars efficiency. First of all, one could set a defined external energy
usage and distance, and measuring the time or speed of a car, as was the case in the 2013 and 2015
Cruiser editions and is the case in the Challenger Class. Secondly, one could set a defined distance and
time, and measuring the external energy usage of a car, as was the case in the 2017 Cruiser edition.
Lastly, one could set a defined external energy usage and time, and measure the distance traveled a car
within that time, as is used in the Sasol Solar Challenge.

As is discussed in chapter 2, using external energy usage as a method to determine efficiency is hard to
adjust, requires extensive modelling for teams to finish and competitiveness of a car is strongly dependent
on the weather forecasts. Furthermore, when considering a similar system as the Sasol Solar Challenge,
where teams are allowed to take side loops to drive more kilometers, one can fill in x = v · t into equation
2.9. Without further analysis, one could notice that all major design and weather parameters correlate
in the same way as equation 2.9, with the exception of dbatt. However, this concept is not practically
feasible during the World Solar challenge, as there is a lack of possible side loops close to the Stuart
Highway. Thus, using speed as the method of measuring efficiency is the only option available.

6.2.2 Equalizing the weather sensitivity by varying solar panel area and bat-
tery size

Please note that if one considers the cars parameters as constants, equation 2.9 describes a function
v = V (w, I) for a solar car. If one were to exclude person kilometers, and require cars to drive with all
seats filled. The idea here is that cars with more occupants will be allowed more solar panel area and/or
more battery cells, in order to compensate for the extra energy it takes to transport the passengers and
the bigger car. In the end, it is only the speed and practicality judgment that counts. Again, equation
2.9 is going to be used as a base in order to find a balanced increase in cell area.

First we are going to consider V (w, I). When looking at equation 2.9, one can easily distinguish
the effect parameters have in four groups: parameters that are multiplied by (v − w)2, parameters that
add constants to the equation, parameters that are multiplied by (xv + tcs) · I and parameters that are
multiplied by x

v + tcs. In fact, equation 2.9 can be rewritten to:

c1 · (v − w)2 + c2 = (
x

v
+ tcs) · (c3 · I + c4) (6.1)

Here:

c1 =
x · ρ · cdA

2 · ed

c2 =
x · crr · g · (mbase +mbatt + 80 · np)

ed
− nc ·mbatt · dbatt · 3600

c3 = x · es ·As
c4 = x · Paux

(6.2)

These groups describe the behaviour of a car under varying speed and varying weather conditions. Please
note that as the battery mass becomes a variable, m is splitted into mbase and mbatt. In order to make
sure two cars a and b have exactly the same behavior, meaning Va(w, I) = Vb(w, I), one needs to fullfill
the following equation:

c1,a
c1,b

=
c2,a
c2,b

=
c3,a
c3,b

=
c4,a
c4,b

(6.3)

A good way of choosing two cars to base the results on would be to take a standard 2-seater and a
standard 4-seater (see table 2.3). Comparing practical to efficient cars would not be of much use, as
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the efficient car is allowed to drive faster and be compromised in the practicality judgment. Solving
c1,a
c1,b

=
c3,a
c3,b

yields the following result:

As,a =
cdAa · ed,b · es,b
cdAb · ed,a · es,a

·As,b (6.4)

Now, solving
c1,a
c1,b

=
c2,a
c2,b

yields:

Ebatt,a = Eroll,a −
cdAa · ed,b
cdAb · ed,a

· (Eroll,b − Ebatt,b) (6.5)

Here Eroll = x
ed
· g · crr · (mbase + 80 · np) and Ebatt = mbatt · (nc · dbatt · 3600− x

ed
· g · crr). Equations 6.5

and 6.4 suggest that keeping the solar panel size and the allowed amount of external energy equal for all
cars might not be viable. It might therefore be wise to specify different allowed battery sizes and solar
panel sizes for each number of occupants. Please note that the solution found is unique.

However, we cannot take c4 into consideration, as
c1,a
c1,b

=
c4,a
c4,b

is often unsolvable, as both c1 and c4
are independent of As or mbatt. Although, c4 only has a minor effect on the performance of the car (as
Paux is small), it is possible to find a better approximation of equations 6.3 than leaving out c4. Instead
of not regarding Paux at all, one could make an educated guess for v and treat it as a constant vc. The
set of equations one has to solve would then be:

c1 · (v − w)2 + ĉ2 = (
x

v
+ tcs) · (c3 · I) (6.6)

Here:

ĉ2 =
x · crr · g · (mbase +mbatt + 80 · np)

ed
− nc ·mbatt · dbatt · 3600 + (

x

vc
+ tcs) · Paux (6.7)

Please note that this is an assumption: solving
c1,a
c1,b

=
ĉ2,a
ĉ2,b

=
c3,a
c3,b

will still result in slightly different

V (w, I) behaviour of both cars. However, one could argue that making a good estimate of the smallest
component in equation 6.1 is the least significant modification one could do in order to yield a solvable
set of equations. Solving

c1,a
c1,b

=
ĉ2,a
ĉ2,b

yields:

Ebatt,a = Eroll,a + Eaux,a −
cdAa · ed,b
cdAb · ed,a

· (Eroll,b − Ebatt,b + Eaux,b) (6.8)

Here Eaux = ( xvc + tcs) · Paux. Solving
c1,a
c1,b

=
c3,a
c3,b

will still yield the solution given in equation 6.4.

6.2.3 Balancing using person-kilometres or best performing scores

In this section, the “weighted sum with person-kilometers” approach (used in both the 2013 and 2015
regulations) is analyzed. Consider a simplified score formula of the form S = Tbest

T + α · Pkm
Pkmbest

, with
α some relative weight. When trying to find a parameter α such that it stays balanced for all weather
scenario’s, one starts to notice some problems. First of all, the relative balance and practicality can
change due to a very fast car or a car with many occupants, which change the magnitudes of Pkmbest

and Tbest. This may not be a big problem for T , as a speed based system tends not to create speeds of
different magnitudes (see section 6.2.1). However, Pkmbest could either be set by a carrying 2 occupants
on average (as was the case in 2015), or a 12-seater solar van. An example of such car is the Creatti
Labs Crossvan [12], a car that was planned to participate in the 2017 edition. This means the influence
of person-kilometers may vary by a factor six, depending on the field. In general, the relative importance
of person-kilometers in 2013 and 2015 and EE score in 2017 have proven to greatly dependent on the
starting field.

For now, consider a challenge with two cars, a and b, and assume a has more Pkm and b is faster
(thus Pkma = Pkmbest and Tb = Tbest). In order for these cars to be equal in terms of score, one has to
solve:

va
vb

+ α · 1 = 1 + α · Pkmb

Pkma
(6.9)

Note the implicit conversion from T to v. This is solved by:

va = (1− α+ α · Pkmb

Pkma
) · vb = β · vb (6.10)
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Here, β = (1 − α + α · PkmbPkma
). It turns out that it is impossible to make such score model independent

of the weather conditions. An easy way of seeing this is for now stating w = 0, and following a similar
approach as in section 6.2.2. First we rewrite equation 6.3 to:

c1 · v2 + c2 =
x

v
· (c3 · I + c4) + tcs · (c3 · I + c4) (6.11)

With c1, c2, c3 and c4 defined in section 6.2.2. In order for 6.10 to hold for all I, Va(0, I) = β · Vb(0, I)
should hold, thus:

β2 · c1,a
c1,b

=
c2,a
c2,b

=
c3,a
β · c3,b

=
c4,a
β · c4,b

=
c3,a
c3,b

=
c4,a
c4,b

(6.12)

Here, again, there are multiple equations to solve based while only one variable (β) that can be altered.
Even when only including the “main energy sources” c1, c2 and c3, and arguing that tcs · (c3 · I + c4)
(which is equal to the solar energy obtained during control stops) is of lesser importance (thus removing
c3,a
·c3,b and

c4,a
·c4,b still yields two independent equations. Obviously, it is possible to fit a β for a given w and

I.

6.3 Design of a balanced Cruiser Class proposal

In this design, we will use the “compensation by As and mbatt” variant, as discussed in section 6.2. Here,
speed is going to be used as the method of determining efficiency, and cars with more occupants are
compensated by being allowed to have a bigger battery and a bigger solar panel area instead of receiving
points for person-kilometers. The numbers shown in this section are based on the calculations shown in
section 6.2.2, with parameters of the standard 2-seater and 4-seater (described in table 2.3) filled in:

• Cars may recharge their batteries before the start, and on nights two and four (nc = 3).

• All teams have to complete the full challenge with all occupants inside the solar car.

• The number of seats in the car determines how big ones battery and solar panel may be. As a base
case, a 2-seater is allowed to have a 40kg of Li-ion battery or equivalent and a 5m2 Si solar panel
area or equivalent. For each extra occupant a car can transport, it is allowed an additional 10.01kg
of Li-ion batteries or equivalent and an additional 0.116m2 of Si solar panel area or equivalent.
These figures are based on equations 6.8 and 6.4.

• A team’s score will be determined by S = T − α · P , where T is the driving time (in hours), α a
constant and P the practicality score (between 0 and 1). In section 6.3.1, the value of α is further
analyzed.

The following suggestions could also be included:

• If the World Solar Challenge would like to make it easier for teams to finish (as teams still have to
adhere to a minimal speed of 60km/h), they could include three voluntary charges. If teams are
struggling to make it, they are allowed to do extra charges after day one, three and five. However,
teams are ranked lexographically on extra charges first, and then on score.

• The regulations are computed to equal the performance of cars with different number of occupants.
However, it does not take into account the extra work that goes into building a larger car with
more occupants. It might be wise to increase the gain of the number of occupants.

6.3.1 Sensitivity analysis

Here, a similar approach is used as used in section 2.2. Small mutations are made to the parameters
of the cars described in table 2.3. Then the speed difference, time difference are calculated, assuming
I = 700W/m2and w = 0m/s, and then converted to practicality equivalents. By definition, an hour time
gain is equal to an 100

α % practicality score increase.
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Standard 4-seater Standard 2-seater Efficient 2-seater
−1% cdA +15.7983/α % +15.8466/α % +15.0442/α %
−10kg m +12.8511/α % +9.6985/α % +9.1625/α %
+1% es or I +11.1914/α % +11.2719/α % +10.056/α %
+1% ebatt +14.0489/α % +9.8374/α % +9.2844/α %
−10W Paux +13.9107/α % +14.6461/α % +13.0181/α %
+1m/s tailwind +150.1355/α % +150.5442/α % +134.4727/α %

Table 6.1: Practicality equivalents of the main design and weather related parameters under the proposed
regulations.

As one may see, the standard 2-seater and the 4-seater cars now drive nearly as fast (finish times
only differing 5 seconds at max on this interval for I), and their sensitivity on the weather parameters is
almost equal. Any difference can be explained to rounding errors. Furthermore, the sensitivity of each
efficiency and weather parameter has the same magnitude for each car. Figure 6.1 illustrates the speed
development over solar irradiation. Although there is a bias towards the standard cars as irradiance rises,
this is less than 15 minutes from I = 600W/m2 to I = 800W/m2.

Figure 6.1: Speed and normalized speed of different cars under proposed regulations plotted over solar
irradiance. Please note that the standard 2 and 4-seater are too close to be able to distinguish on these
plots.

v(m/s) Time diff. (min.) P/Pbest α required to win
4-seater 20.7670 127.21 1 > 5.44
Standard 2-seater 20.7670 127.21 0.95 n.a.
Efficient 2-seater 21.9165 - 0.61 < 5.44

Table 6.2: Comparisons of the different cars under the new proposal at I = 700W/m2 and w = 0m/s.

6.3.2 Evaluation

If one would take an α of 5.44 the competition would be quite balanced, with all three team’s final
score within 30min of each other at all weather circumstances. For this α, the sensitivity with regards
to practicality score would be somewhere between that of the 2015 and 2017 regulations. A good guess
might be to choose α = 10 to α = 15, as that results in the practicality versus efficiency balance being
somewhere between the 2013 and 2015 editions.

In the version that has been sent to the World Solar Challenge, a more elaborate analysis is done on
the car parameters, and also a variant is sent that only changes mbatt, as changing As requires significant
structural changes that the World Solar Challenge that are usually only done every four years.
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Chapter 7

Conclusions

Energy Efficiency scoring
Although the practicality score in the 2017 Cruiser Class regulations had been increased to 20%, the
new Energy Efficiency score model had also drastically increased the sensitivity of the main efficiency
parameters. This resulted in large shift towards efficiency in the “efficiency-practicality” balance towards
previous editions. Furthermore, the 2017 regulations seemed to either support an ultra efficient “2015
Kogakuin” style two-seater (as it could use the asymptotic properties of the Energy Efficiency score
formula), or an efficienct solar car with as many occupants as possible. Out of strategic and design
considerations, Solar Team Eindhoven chose the latter.

In the 2017 World Solar Challenge, no “Kogakuin style” solar car entered the Cruiser Class, hence
Stella Vie was the only car optimized to one of the two design directions. Furthermore, the increased bias
on efficiency is illustrated by the fact that the first place had already been decided before practicality
judgment commenced.

New strategy models
The 2017 Cruiser Class model also required an extensive new strategy approach, as no longer cruising
speed could be used as the main “tool” to adjust a strategy to changing circumstances. Instead, an
extensive, computationally heavy, strategy model had to be designed in order to optimize the number
of occupants in the car and the number of external charges, although our strategy model was not able
to design an optimal strategy under large weather uncertainty. Next to the extensive research on the
new strategy model, research had to be conducted on the Australian climate in October to compute an
optimal battery size. Not only was this a time consuming process, as the battery size had to be decided
months prior to the World Solar Challenge, this also required accurate computer models in order to
estimate ones cars parameters. Our suspicion is that this level of modelling needed is the main reason (in
combination with the bad weather) why many smaller teams had misjudged the required battery size.

Non constant speed optimization
Although in the majority of this report, a “constant speed” profile is regarded as optimal, analytic solu-
tions have been found that optimizes the speed profile under fluctuating time dependent solar irradiance
and wind, or optimize under fluctuating distance dependent solar irradiance and wind. Furthermore, an
algorithm has been described that optimizes the speed profile based on a time/distance wind and solar
irradiance map to find a long term speed profile, that incorporates a way to cope with individual clouds
into find a short term speed profile.

Advise for regulations
Using the Energy Efficiency score in order to judge a solar car’s efficiency has some serious drawbacks,
that make it harder to find a good “energy versus efficiency” balance. Furthermore, the results are
determined by a score formula, which may be regarded as non-intuitive by a larger audience. This report
advises to introduce a fixed battery size, require teams to drive with “full cars”, and allow a larger
battery and/or more solar panels per extra occupant the car is designed for. Not only does this result
in a energy model that can be balanced very well for a large range of weather circumstances, it also
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makes the strategy easier, and the scoring easier, as now only the finish time, and a practicality judgment
(preferably expressed in minutes rather than points) are taken into account.

Future research
If the scoring model were to stay the same or similar to the 2017 regulations, more research could be
conducted in optimizing the strategy under large amount of weather uncertainties. One could optimize
decisions based on a weather plume, rather than deterministic weather. Furthermore, the initial modelling
results of the non-constant speed optimization look promising, but more testing is required before it may
be implemented. As it tackles a fundamental problem (optimizing energy usage while driving a set
average speed), this will almost certainly be applicable in future World Solar Challenge editions. Here,
more research could be conducted into non constant speed optimizing under large weather uncertainty
as well. Even with constant speed profiling, more research could be conducted in estimating the weather
uncertainty, such that the number of cruising speed adjustments could be reduced.

Strategy for Stella Vie at the 2017 World Solar Challenge 57



Bibliography

[1] A. Boulgakov. Sunswift IV Strategy for the 2011 World Solar Challenge. Bachelor’s thesis, The
University of New South Wales, 2011. 11, 26, 61

[2] Itility b.v. Facts and figures of stella vie, 2017. Available at http://solarteameindhoven.itility.
nl/ (13-02-2018). 64, 65, 66, 67

[3] World Solar Challenge. Cruiser class final results, 2013. Available at https://

www.worldsolarchallenge.org/files/488_final_results_sunday_cruiser_class.pdf (21-01-
2018). 8, 14

[4] World Solar Challenge. Regulations for the 2013 world solar challenge, 2013. Available
at https://www.worldsolarchallenge.org/files/7_regulations_for_2013_world_solar_

challenge_release_copy_v11.pdf (21-01-2018). 10, 15

[5] World Solar Challenge. 2015 cruiser class results, 2015. Available at https://www.

worldsolarchallenge.org/files/1518_cruiser_class_results_2015.pdf (21-01-2018). 8, 14

[6] World Solar Challenge. 2015 regulations, 2015. Available at https://www.worldsolarchallenge.

org/files/522_2015_world_solar_challenge_event_regulations.pdf (21-01-2018). 10, 16

[7] World Solar Challenge. 2017 cruiser class summaries, 2017. Available at https:

//www.worldsolarchallenge.org/event-information/2017_classes/cruiser_class/

2017-cruiser-class-summaries (21-01-2018). 8, 14, 18, 64, 66, 67

[8] World Solar Challenge. 2017 regulations, 2017. Available at https://www.worldsolarchallenge.

org/files/1776_2017_bwsc_regulations_final_v2.pdf (21-01-2018). 8, 10, 21

[9] World Solar Challenge. 2017 route notes, 2017. Available at https://www.worldsolarchallenge.
org/files/1803_2017_bwsc_route_notes_updated_21_09_17_final_v3.pdf (21-01-2018). 9

[10] P. Howlett and P. Pudney. Optimal driving strategy for a solar car on a level road. IMA Journal of
Mathematics Applied in Business Industry, 8:59–81, 1997. 11

[11] P. Howlett and P. Pudney. An optimal driving strategy for a solar powered car on an undulating
road. Dynamics of Continuous Discrete and Impulsive Systems, 4:553 – 567, 1998. 11, 50

[12] Creatti Labs. Crossvan, 2017. Available at https://www.creattilabs.com/crossvan/ (14-02-
2018). 53

[13] C. Mocking. Optimal design and strategy for the SolUTra. Master’s thesis, University of Twente,
2006. 11, 25, 32

[14] P. Pudney. Optimal energy management for solar-powered cars. Phd thesis, University of South
Australia, 2000. 11, 24, 25, 50

[15] A. Scheidegger. Energy management optimization for a solar vehicle. Master’s thesis, École Poly-
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Appendix A

Strategy in practice during the
World Solar Challenge

In this report, the main focus lies on the theoretical analysis of Cruiser Class strategies. In this appendix
however, the method of application of the theory will be discussed, and the process of determining and
adjusting the strategy during the World Solar Challenge will be discussed.

A.1 Strategy van

The strategy of a team is being determined inside the strategy van. It functions as a mobile office that
provides the strategists the necessary tools in order to determine the strategy to be taken and in the case
of Solar Team Eindhoven, it is the convoy vehicle directly in front of the solar car. The strategy van has
a data link with the solar car (in order to receive the latest information of its systems), has satellite and
mobile internet connections (in order to be able to download the latest weather forecasts, even with poor
mobile reception) and it has radio communication in order to communicate with other convoy vehicles.
Furthermore, it is equipped with the necessary desktops in order to analyze the incoming data.

Figure A.1: Strategy van of Solar Team Eindhoven, World Solar Challenge 2017. Image courtesy of Bart
van Overbeeke Photography [16]

A.2 Data collection

Stella Vie logs data from its micro-controllers about the current state of the vehicle. Most of it is used
for debug purposes if something were to go wrong. However, the following fields prove to be of great
importance for strategic purposes:

• Measured solar power Ps.
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• Measured motor power Pmot.

• Measured battery power Pbatt.

• Measured low voltage power Paux.

• GPS location x on the route.

• Speed v.

• Battery cell voltages.

Here, Pbatt is the power that the battery is generating. Theoretically: Pbatt = Pmot + Paux − Ps. This
may be negative if the car generates more energy than it uses. Battery cell voltages are used to estimate
the remaining energy in the battery. Although the frequency of logging the latest value differs per field,
most strategic data was interpreted at a rate of 10Hz.

A.3 Expected results

A.3.1 Measurement noise

First of all, one can expect some noise on the data. This is caused by a variety of reasons, including
measurement errors, inaccuracies in the altitude data, cruise control feedback loops and wind gusts.
The models described in this report are not designed to model a solar cars behavior at such small time
intervals. A solution for this may be very simple: instead of considering the raw measured data, one
considers the integrated data. For strategic purposes, one is not interested in the state of the car at a
specific moment, but rather in energy usage over time. As figure A.2 illustrates, most of the noise is
cancelled by integration, and comparing

Figure A.2: Predicted results and the raw measurements versus integrated measurements. Images cour-
tesy of A. Boulgakov. [1]

A.4 Live predictions

Any kind of strategy model is based on multiple assumptions, and perform under a degree of uncertainty.
Basically, such model is of no use without a method of detecting deviations and compensating for them.
This could be done by recalculating the optimal strategy regularly with new initial model conditions.
However, such method does not detect unrealistically high frictions. Furthermore, if there is a bias in a
model condition, only recalculating via initial conditions leads to a constant misjudgment in the required
strategy. In the experiment shown in figure A.3 a car is aimed to drive with constant speed. However,
a 1m/s headwind is not foreseen by the weather forecasts. Here, one can clearly see that the speed is
lowered continuously due to a lower than expected Ebatt in the initial conditions for each recalculation.
However, as the speed is still being calculated without taking into account a different headwind, the
computed speed is still too high and will have to be lowered further in the next iteration. This results in
an unstable and sub-optimal speed profile.
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Figure A.3: Speed profile over time using initial conditions feedback loop with an unforeseen headwind

Thus, we will need a way to compare different aspects of the energy usage in order to investigate
the cause of the deviation, rather than compensating on the results. The solution used by Solar Team
Eindhoven is called live predictions. Live predictions are model predictions, using the real speed profile
and location as an input.

Pmot,live = v∗ ·
( 1
2 · cdA · (v

∗ − w′)2

ed
+ (m+ 80 · np) · (

crr
ed

+
∂v∗

∂t
+ sin(α(s∗)) · g)

)
(A.1)

Here, v∗ and s∗ are the measured speed and location respectively, w′ the predicted wind speed and α(s)
the gradient at location s. v∗ (and thus s∗ may differ slightly from the set out speed profile as the cruise
control uses its own feedback loop. The same approach is used for the solar model, where the location,
orientation and weather data are used to calculate Ps,live. Pbatt,live can be modelled via:

Pbatt,live = Pmot,live + P ∗aux − Ps,live (A.2)

Here, P ∗aux is measured. Now, one can integrate the live predictions, and compare them to the integrated
values of measurements P ∗batt, P

∗
mot and P ∗s . An example of this is shown in figure A.4.

Figure A.4: Comparison of live predictions and measured data of integrated Pmot

In this example, one can clearly see that the measured motor power is considerably higher than the
live predictions. This could mean that either the wind predictions are off, something is broken in the
car resulting in more drag or the car parameters do not match the reality properly. On the base of this
deviation, extra wind measurements were conducted by convoy vehicles to find out that indeed, there
was more headwind than predicted. The results were incorporated in the weather model to calculate a
new weather forecast, and based on this forecast the new strategy was calculated.
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A.5 Strategy system overview and workflow

To summarize the workflow, please consider figure A.5. It describes the system that has been used during
the 2017 World Solar Challenge by Solar Team Eindhoven.

Figure A.5: Strategy system layout of Solar Team Eindhoven, World Solar Challenge 2017

Here:

• The weather forecast system, that combines weather forecasts, radar images and own measurements
in order to generate a “master” forecast that is used, is shortly described in section 3.2.6.

• The model of the car parameters is described in section 2.1.1.

• The simulation model and its connections with the weather forecast and the car parameters is
described in section 3.2. From the telemetry of the car, we obtain an estimate of the current
amount of energy in the car, GPS location, and current speed in order to define (together with the
current time) the initial model conditions.

• The optimal speed profile computation and its connections with the simulation layer is described
in section 3.3.

• The person and charge strategy computation and its connection with the optimal speed profile
calculation is described in section 3.4. The resulting strategy is then applied on the car.

• Telemetry data is collected in order to compare the performance of the car with the live predictions
described in section A.4. This is done continously in order to either change the weather forecast
(together with doing additional measurements) or the car parameters.
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2017 Cruiser Class: competition
summary

In this chapter, the strategic aspects of the 2017 World Solar Challenge are discussed. Unfortunately,
there have been some problems with our log data, thus all figures and numbers have been reconstructed
based on data collected by the World Solar Challenge [7], our partner Itility [2] and own accounts.

B.1 Competition summary

B.1.1 Before the challenge

Weather forecasts predicted that a large storm front in central Australia would cross the route around
day 3 and 4. With more clouds comes more uncertainty over the expected solar yield, and therefore more
uncertainty in the strategy.

Figure B.1: Cloud forecast for day 1. In northern Australia, light clouds were forecasted.

New strategy: increasing flexibility
This usecase highlighted a shortcoming in our combinatorial strategy model: in the design of the model
described in section 3.4, the uncertainty of the weather had been greatly underestimated. In order to
do some kind of reasonable optimization for the person-stages, one has to at least know how many
charges one is going to do. That is why another method of choosing the person and charge strategy was
improvised, focussing on increasing flexibility.

We tried to keep as many possibilities open, until later stages during the challenge. Calculations
showed that needed about 3 to 5 external charges (excluding the full battery at the start), depending on
the weather circumstances. That is why we decided to deplete the battery on night 1, and charge during
the first night. As figure B.2 illustrates, via this strategy it is still possible to decide whether to go for
three, four or five external charges after night 2. In fact, one would theoretically be able to choose for a
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3 charge strategy after night 3, but this would require depleting a full battery on day 6, the shortest day
of the challenge, and thus result in larger speed variations throughout the challenge.

Figure B.2: The possible charging strategies by deciding to charge on night 1 and night 2

This strategy also implied that we would start with five occupants, as we did not know the required
charge, and thus person strategy. Section 3.4.4 describes, all viable strategies will have a mostly filled
car. If one were to decide later on that fewer person-kilometers would be optimal, they still could be left
out in later stages. This meant that we had to take a slight risk by driving with five occupants up Hayes
Creek hill, the steepest hill of the route.

Initial risk management
As a team, we decided to start with the worst case scenario, that is, we aim to finish in Adelaide with the
least possible time margin (ideally finishing at 13:59). However, if the competition were to be far enough
behind in the points scoring, we would lower our energy efficiency score in order to reduce our chances of
finishing too late. We decided that we at least needed a better Energy Efficiency score than Bochum and
Sunswift, thus their Energy Efficiency scores would determine the time margin we could afford ourselves.

B.1.2 Challenge summary

Day 1 and 2: technical issues competitors
After starting at 8:50a.m. as the 26th car, we found that Bochum’s car had broken down after a few
kilometers. This did not affect our plan, as we would deplete the battery on day one anyway. During
the day, we also heard news of Sunswift having to stop due to a mechanical issue. The weather on day
one proved to be fairly stable, and our biggest challenge was overtaking slower challenger teams. Only a
minor rise of the cruise speed at the end of the day was needed. The day ended at 533km from Darwin
(average driving speed: 66km/h, 68km/h taking into account starting at 8:50a.m.), which was about
25km further than any other Cruiser team.

Figure B.3: Speed (white) and battery capacity (yellow) on day 1 [2]. The initial required cruising speed
was misjudged. Please note the drop to 0km/h during the control stop in Katherine, and the recharge of
the battery at night.

Every team had charged that night, which meant that despite using one of the smallest batteries of
the field, Stella Vie carried more occupants than any other team, while driving the highest average speed.
This confirmed our expectations. Estimating the thickness and position of the cloud fields proved to be
our greatest challenge. After day two, we finished at 1088km from Darwin, driving an average speed of
68km/h again. This meant that we were 28min ahead of the pace required to finish on time in Adelaide.
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Due to the worsened weather forecasts, a three charge strategy was not realistic, and we decided, conform
figure B.2, to charge again in nights three and four.

Day 3 and 4: bad weather and minimizing risks
Day three marked the worst day of the World Solar Challenge, with an average irradiance of 400W/m2,
despite having some direct sunlight early in the morning. At the Barrow Creek control stop, we heard
from Bochum that Sunswift had dropped out of the challenge due to suspension failure, as well as the
PrisUm team. This meant that suddenly our sizable Energy Efficiency lead was increased, as the numbers
two and three in the classification dropped out of the challenge.

At the Alice Springs control stop, our solar panel only produced 130W. The average speed this day
was 62km/h, ending at 1584km from Darwin. This meant that the time margin we built up in day one
and two was gone. There were some worst case weather scenarios in which finishing on time with 5
occupants in the car would be a close call, and a mistake or technical issue could result in us not finishing
on time.

Figure B.4: Left: solar irradiance (yellow), cloudedness (red), battery capacity left (blue) and speed
(green). The difficulties with constant speed profiling under cloudiness are clearly visible, as due to less
than expected irradiance the cruising speed had to be lowered [2]. Right: Energy Efficiency scores up to
day 3 [7].

The abandonment of Sunswift and PrisUm increased our Energy Efficiency lead: our score was now a
four times higher than the second highest score. Furthermore, we were ahead of all competitors (except
Bochum). A small calculation showed that it would be basically impossible for us to lose on points, even
with a 0 points practicality judgment. Therefore, it became priority to increase our chances of finishing
on time. Thus from day 4 onwards we applied a conservative strategy with 1 occupant and charge every
night.

Figure B.5: Speed (white) and battery capacity (yellow) on day four (left) and five (right) [2]. The
weather was sunny on day five, meaning less uncertainty concerning solar irradiance, and thus a more
accurate initial curising speed. Please note that in this figure, the battery capacity has been displayed
incorrectly.

On the third night, a storm struck our campsite, and the next morning, we were still concerned about
the rain. However, the weather cleared up more than expected on day four, and it became apparent that
we would be ending the day around the Coober Pedy control stop. During the afternoon, we drove at
a Cruiser speed of 76km/h, hoping that we would be able to clear the Coober Pedy control stop before
the end of the day (thus we could still use the solar energy gathered at this thirty-minute stop), but this
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proved to be unrealistic as the headwind was stronger than expected. We ended our day at the Coober
Pedy control stop, at 2178km from Darwin (daily average speed: 72km/h), about an hour ahead of the
pace required to finish on time.

Day 5 and 6: technical issues
Day five was the day with the best weather of this year’s edition, and we managed to drive an average
speed of 80km/h during the day, increasing our time margin for finishing on time to 2.5 hours. However,
at the Port Augusta control stop, the midconsole of Stella Vie broke. After the control stop, there would
still be 30 minutes of driving time before the end of the day. After a short discussion, we decided to stop
for this day in order to repair the solar car, as the time margin was big enough. There was simply no
reason to take the risk of applying a “quick fix”.

On day six, for publicity reasons we drove with 5 persons, mostly driving 90km/h until Adelaide city
traffic meant that the speed was drastically lowered during the last 45 minutes. Stella Vie finished just
after noon, with a margin of 2 hours. Only two other teams finished on time: Bochum and Team Arrow.

Day Dist. from start Daily dist. vavg (km/h) Es (kWh) Ebatt (kWh)
1 533km 553km 66 6 8
2 1088km 533km 70 6 8
3 1584km 496km 62 3 8
4 2178km 594km 72 6 8
5 2702km 524km 79 - 7
6 3022km 320km 78 - 4

Table B.1: Daily summary of the challenge. [2][7] Due to traffic conditions, the battery of Stella Vie
could not be depleted on the final day. Unfortunately, part of the solar irradiance data has been lost.

Figure B.6: Energy Efficiency score development of the 2017 Cruiser Class [7].

Team EE score Practicality score Total Score
1 Solar Team Eindhoven 80.0 20.0 100.0
2 HS Bochum SolarCar Team 32.0 19.6 51.6
3 Clenergy Team Arrow 20.6 11.7 32.4

Table B.2: Final results of the 2017 Cruiser Class, including practicality judgements [7].

B.2 Comparison with initial analysis

In this section, the competition results are going to be compared to the initial analysis done in chapter
2. First of all, the conclusions drawn about the sensitivity of this scoring model seem to be accurate: the
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challenge had been decided before practicality judgment. By using speed, it would never be possible to
be a factor two ahead.

We did not expect the small number of finishers. However, given the time and effort that Solar Team
Eindhoven spent on optimizing the battery size, it might be possible that other teams had difficulty
modelling the energy usage and reliability of their solar cars, and difficulty modelling the climate. This,
in combination with the bad weather at this year’s edition, could have lead to many teams misjudging
the required battery size for their solar car.

B.3 Strategy model review: strategy under uncertainty

At Solar Team Eindhoven, we greatly underestimated the uncertainty of the weather circumstances. The
strategy model in chapter 3 implicitly uses a deterministic weather model, and optimizes accordingly.
We had difficulties in both finding a reliable person and charge strategy and with speed profiling. As
this year’s edition shows, micro optimization is not always possible, and more research could have been
conducted to find a strategy under large weather uncertainty.

The strategy used during the World Solar Challenge is to choose a strategy such that the decision
moment is as late as possible. The decision moment is the first moment after which a choice has to be
made after which for some possible weather scenarios no viable strategy can be found anymore. The goal
is not to optimize the combinatorial stage lengths and altimeters, but rather to optimize charge strategy,
while adding roughly the required number of person-kilometers.

Consider for example illustrating the person and charge strategy choice by our strategy in figure B.2.
Here, the variety in weather conditions suggested that we would need somewhere between 3 and 5 charges.
By deciding to go for 5 persons and charging on night 1 and night 2, the first decision moment would be
after night 2. Only then a decision had to be made that would limit the possible strategies: the speed
profiling had to be chosen such that the battery would be depleted in one or two days, which meant that
either 3 charge strategy b or the 5 charge strategy would no longer be an option. By “sitting out” the
first two days the following would be achieved:

• Our exact progress during the first two days would be known to us.

• The weather forecasts for day 3-6 made on night 2 would be more accurate than those on night 0.

Thus by postponing the decision moment, uncertainty would be decreased, thus the decision’s accuracy
would increase. In general, although more research should be conducted on this topic were the regulations
to stay the same for 2019, it would be advisable that if multiple charge strategies are realistic given weather
uncertainty, then postponing the decision moment should have priority.
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