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Abstract

Solar powered vehicles are currently being developed as entirely self-sustaining vehicles that
harness their energy directly from the sun. This paper tackles the problem that a crucial
aspect of energy consumption for solar vehicles is driving them in as much solar exposed areas
as possible. With increased energy absorption these vehicles can become more widespread
and aid in reducing energy consumption through fossil fuels in the transport industry.

This project derives and implements a model that can predict the most energy e�cient route
for a solar powered vehicle in a variety of di�erent conditions. Unlike previous work, this project
focuses on building a model using aspects of other research in areas of weather, mapping and
energy management. The goal is to build a model that can be applied to any city using a
digital surface model.

This project uses the ArcGIS tool and the open weather API to develop a model that predicts
the solar potential of a vehicle by taking into account shade based on surrounding topography,
vehicle type, weather, distance and time of day.

This model was then implemented into a user mobile application; `Drive Solar' that can
calculate the optimal route for the user based on their preferences. A data management
application was also built to support the transfer of data from ArcGIS and help this application
be scalable for larger road networks.

The prediction model was then tested using a solar irradiance sensor on the bonnet of a car
in Dublin city. This test aids in understanding the e�ectiveness of the model in a variety of
conditions.

The results found that the model designed in this experiment predicts the route with the
most energy absorbed with a 51.65% accuracy and chooses the route with the most energy
consumed with a 86.65% accuracy. It was found that some vehicle types such as Aptera and
Lightyear One could be self-sustaining with the help of some solar parking. Other vehicles such
as solar vans or buses could currently only support energy consumption in a hybrid vehicle.
By increasing the energy absorbed by a solar vehicle, Drive Solar can aid in the transition to
the widespread use of self-sustaining solar vehicles.
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1 Introduction

1.1 Introduction

Whilst automobile transportation is the single most common means of transportation today,

researchers still grapple with the pollution issues caused by cars and seek alternatives to

power transportation with reduced emission levels. The development of solar vehicles has

provided new possibilities, meaning the solar panels on the roof and other parts of the

vehicle can generate energy from renewable resources. Research now focuses on increasing

the energy absorbed by solar powered vehicles to make them competitive with conventional

fossil fuel vehicles.

In the car industry, considerable progression has been made with solar powered cars

beginning to enter the market as entirely self-sustaining vehicles. This is con�rmed by the

announcement of the release of Lightyear One, the �rst long-range solar car, in late 2022 (1)

and Aptera (Aptera Motors) in late 2023 (2). Solar panels are also being considered for

buses (3)(4) and are soon to be expanded into all modes of transport. These vehicles are

shown to successfully reduce fuel consumption by generating more energy through renewable

sources.

With increased use of solar vehicles, understanding and modelling their energy consumption

will become more of a focus area of research similar to the energy e�ciency research for

current electric vehicles. This research project will derive and implement an algorithm to

predict the optimal route for a solar vehicle to travel while maximising its solar energy

absorption.

1.2 Motivation

Solar powered vehicles reduce the consumption of fossil fuels in the transport industry. In

Ireland, private-cars account for 14.2% of energy demand (5). Current electric vehicles have

already helped convert this energy usage from fossil fuels to more renewable energy sources,

although still from the grid. Solar powered vehicles are entirely self-sustaining and do not rely

on any other energy source other than the sun. This redirects the energy usage from fossil
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fuels and charging stations which rely on other forms of energy, directly to the sun.

With current technologies, the energy absorbed from the panels of a solar vehicle is not as

high as can be provided from a traditional fossil fuel vehicle. The focus of research has been

to reduce energy usage of the vehicle by reconstructing the frames and modifying it to be

more aerodynamic. As well as this the solar panels have been increased to cover as much

area as possible often including the bonnet, roof and sides. However a crucial part of energy

absorption for a solar vehicle is parking and driving it in as much solar exposed areas as

possible.

Some research focuses on the parking model of a solar vehicle which is similar to the analysis

of a static set of solar panels. This research project focuses on optimising the energy

consumption of solar vehicles when driving from point A to B. This tackles the issue of

providing the vehicle with as much solar exposure as possible while driving. This was chosen

due to the current lack of research in the area. With current technologies, many would

consider the solar energy absorbed while driving to have minimal impact on the overall

energy consumption. However, as technologies progress and built up environments become

more developed the route chosen will have a dramatic impact on the solar energy absorbed.

The small amount of research done in the area lacks a solution that can be applied to

multiple locations and has little understanding of the e�ectiveness of the model.

This research �lls a gap in the knowledge surrounding increasing the solar exposure of a

solar vehicle while driving. It focuses on developing a prediction model to optimise the route

that can be applied to a larger road network and tests the e�ectiveness of this model. With

the implementation of a user friendly app to add realism to the research, users can have

direct access to this prediction model. Using this prediction model as a more widespread

resource will optimise energy consumption in solar vehicles and help increase the momentum

towards a greener energy future.

1.3 Approach

This project aims to create a prediction model to select the optimal route from point A to B

to optimise solar energy consumption in a solar vehicle. The model takes into account

shading due to surrounding topography, time of day, time of year, weather conditions,

vehicle type and distance to determine the most solar energy e�cient route.

This prediction model is implemented into a mobile application, Drive Solar, so that users

can e�ectively �nd the optimal route by entering all of the required parameters. A second

application is developed to manage the data required for this project and make this project

scalable for larger road networks.

Testing will be conducted to determine the accuracy of the prediction model and how it
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compares to real-time recordings. Iterations are performed to improve both test and

predictive data and generate a more accurate model.

The tested data is then compared with the predicted data to determine the accuracy of the

model. This also aids in understanding what factors are accurately represented by the model

and what elements require future work.

1.4 Research questions

This research focuses on deriving a model to predict the optimal solar energy e�cient route

for a solar vehicle. This is then tested to understand the accuracy of the model. The

research question is:

To what extent can a model predict the optimal solar energy e�cient route for a

solar vehicle?

This question will be analysed as a whole as well as considering the answers to some

research sub-questions:

1. To what extent can a model predict the average solar irradiance of a road segment at

a de�ned time on a clear day or in cloudy weather conditions?

2. To what extent can a model predict the optimal solar energy e�cient route for a solar

vehicle on a clear day or in cloudy weather conditions?

3. How does the solar vehicle selected determine the feasibility of a self sustaining solar

powered vehicle?

4. How can the model include a users desire for the most time e�cient as well as the

most energy e�cient route?

1.5 Contributions of research

This research provides a method of solar mapping a road network that combines work done

from previous research particularly in the areas of weather and vehicle type. This method can

be applied to road networks in other cities. It could also be used to understand the potential

of placing solar panels in other locations in the city such as on the road surface.

It also contributes a prediction model for solar vehicle energy consumed and used. This can

be used in the �eld of hybrid vehicle analysis to better understand battery durations and

charge for hybrid vehicles.

With increased research to improve the e�ciency of solar panels and improve the structure

of solar powered vehicles, this project will become more relevant. The bene�ts gained from
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using a more energy e�cient vehicle will be multiplied by also choosing the most energy

e�cient route.

Outside of the area of research, this project has implications for car manufacturers and the

community as a whole. Car manufacturers can understand better the impact of installing

solar panels on the vehicle and encourage the transition to more renewable energy sources,

thus impacting the decarbonisation of the transport sector. The community as a whole will

bene�t from the faster integration of solar vehicles in society. They can use the implemented

application to choose the most solar energy e�cient route for their vehicles and contribute

towards a greener energy future.

1.6 Roadmap of project

This section de�nes the layout of this dissertation and includes what each chapter discusses

and contains.

ˆ Chapter 2 - Background: This chapter describes background information about

tools and formulas used in this project. It details the current state of the art for this

paper including sections on solar vehicle developments, solar mapping, weather impact,

electric vehicle energy e�ciency and SCORE(Solar Car Optimised Route Estimation).

ˆ Chapter 3 - Derivation of the prediction model: This chapter explains the

methodology behind creating the prediction model to calculate the average solar

energy absorption along a strip of road. It highlights the importance of topography,

time of day, time of year, vehicle type, weather and distance in this model.

ˆ Chapter 4 - Implementation: This chapter discusses the user mobile application,

Drive Solar, built to chose the solar energy optimised route. It discusses the way in

which the data was handled and stored and the algorithms used for calculation. It also

discusses the data management application built to make this project scalable for

larger road networks.

ˆ Chapter 5 - Testing: This chapter outlines the methodology used to test the

accuracy of the prediction model. It discusses iterations and modi�cations to the

testing structure.

ˆ Chapter 6 - Results and Discussion: This chapter displays the results of the

experiment and discusses the accuracy of the prediction model. It includes error

analysis and recommendations for model and testing improvements.

ˆ Chapter 7 - Conclusions: This chapter highlights the key �ndings of the

experiment and analyses the e�ectiveness of the approach. It recommends and

discusses how it could be improved in future works.
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2 Background and state of the art

This chapter discusses the current state of knowledge surrounding solar energy in vehicles. It

describes tools and algorithms used throughout this project. As well as this, the state of the

art provides a review of related work and how they are relevant to this project.

2.1 Background

2.1.1 ArcGIS Tool

Geographical Information Systems (GIS) are a set of major tools used for combining spatial

data sets and performing calculations. ArcGIS is a widely used software that has a variety of

mapping capabilities to create and process large spatial databases. A variety of tools

available in the ArcGIS package are used to process the spatial data required for this project.

These tools are outlined in this section.

LAS Dataset to Raster tool

An LAS Dataset stores references to multiple LAS �les. LAS �les are the industry standard

for storing airborne lidar data in binary format. A raster dataset is a set of compressed rows

that are stored as pixels. Each pixel represents a characteristic of the mapped region. Raster

datasets are more commonly used in ArcGIS and are a common format for input into other

tools. This tool converts data from an LAS dataset into a raster dataset. This tool can

specify what value �eld is used for the conversion and what form of interpolation is desired.

The sampling value can be set to determine the de�nition of the raster dataset (6).

Area Solar Radiation tool

This tool uses a digital surface model in the form of a raster dataset to calculate the average

solar insolation at each point in an area over a speci�c time interval. The global solar

radiation is calculated by summing the total direct and total di�use solar radiation. The

total direct solar radiation is uninterrupted in a direct line from the sun whereas di�use

radiation is de�ected o� clouds, dust or other particles. Firstly, a view shed is calculated to
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understand where the point is shaded from. Next, a sun map is calculated to understand

where the sun will be at the de�ned time. Di�use radiation comes from all sky directions

and thus a sky map is calculated and divided into sectors for better analysis. The viewshed,

sunmap and skymap are then overlaid to calculate the direct and di�use solar irradiation

using the following formulas (7).

Globaltot = Dirtot + Diftot

whereGlobaltot is total global radiation,Dirtot is total direct solar radiation andDiftot is total

di�use solar radiation.

Dirtot =
X

Dir� ,�

whereDir� ,� is the direct insolation at a solar map sector.

Dir � , � = SConst � � m(� ) � SunDur� ,� � SunGap� ,� � cos(AngIn� ,� )

whereSConst is the solar constant outside the atmosphere(1367W=m2), � is the

transmissivity of the atmosphere,m(� ) is the relative optical path,SunDur� ,� is the time

duration represented by the sky sector,SunGap� ,� is the gap fraction of the sun map sector,

AngIn� ,� is the angle of incidence between the centroid of the sky sector and the axis normal

to the surface.

m(� ) = EXP(� 0.000118� Elev� 1.638� 10� 9 � Elev2)=cos(� )

where� is the solar zenith angle and Elev is the elevation above sea level.

AngIn� ,� = acos(Cos(� ) � Cos(Gz) + Sin(� ) � Sin(Gz) � Cos(� � Ga))

whereGz is the surface zenith angle andGa is the surface azimuth angle.

Dif� ,� = Rglb � Pdif � Dur � SkyGap� ,� � Weight� ,� � cos(AngIn� ,� )

whereRglb is the global normal radiation,Pdif is the proportion of global �ux radiation that

is di�used, Dur is the time interval for analysis,SkyGap� ,� is the gap fraction of the sky

sector andWeight� ,� is the proportion of di�use radiation from a single sky sector relative to

all other sectors.

Rglb = ( SConst

X
(� m(� ))) =(1 � Pdif )

Weight� ,� = ( cos� 2 � cos� 1)=Divazi
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where� 1 and � 2 are the zenith angles of the sky sector andDivazi is the number of azimuth

divisions.

Diftot =
X

Dif� ,�

The majority of these constants are set or calculated by the tool using the inputted raster

dataset. The values that are set in this project arePdif , � and Dur. Pdif and � are set

dependent on current weather conditions, in a very clear sky environmentPdif is set to 0.2

and � is set to 0.7. The time interval selected (Dur) is set in 15 minute intervals for each

run (7).

Zonal Statistics as Table tool

Zones can be polygons, lines or points speci�ed on a map layer to di�erentiate spaces. The

'Zonal statistics as Table' tool can calculate a variety of statistical values in relation to each

zone such as mean, maximum, minimum and standard deviation. This tool can be used to

convert a set of zones into a table where one column is the zone id and the other column is

a mean value for this zone (8).

Table to Excel tool

The table to excel tool exports tables created in the ArcGIS application into excel �les. This

tool can be used to export the data and provide more suitability for graphing and processing

(9).

2.2 State of the Art

This state of the art begins by highlighting current developments in the �eld of solar vehicles

that would bene�t from this project. It then continues to follow the development process of

this project by discussing solar mapping, weather impact and energy e�cient routes in

electric vehicles. It concludes with the most relevant piece of work on solar car optimised

route estimation that amalgamates work in the areas of solar vehicles, weather, mapping and

energy e�ciency. This state of the art is a sample of the work that has been done in the

�eld and an analysis of its relevance to this project. The work highlighted provides a

foundation for the choice of methods used in the implementation of this project.

2.2.1 Solar vehicle developments

The following section highlights recent developments and use cases in the solar vehicle

industry that would bene�t from optimised solar routing in urban and rural environments.

Based on current viability of a solar vehicle, they are prominently being developed as hybrid
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vehicles. However, this can present challenges with energy management and charging

frequency and often does not obtain the optimal amount of solar energy.

The �ve energy conversion components in a hybrid solar vehicle are internal combustion

engine, electric motor, electric generator, battery and photovoltaic. Rachmanto created an

energy balance equation to create decision making algorithms dependent on the vehicles

current driving conditions and state of charge (10). The goal was to optimise the energy

obtained through the photovoltaic and manage the other energy accordingly. The results

showed that the energy management algorithm can reduce fuel consumption by 30% in

comparison to that of a conventional vehicle. The photovoltaic delivers 0.6% of power

supplied due to the current low e�ciency of photovoltaic cells. There is still signi�cant

improvement that is needed to make solar vehicles widely used in urban environments.

One of the biggest problems with hybrid vehicles is that users are typically concerned about

their driving range and plan to plug-in their vehicle whenever possible. With a solar vehicle

however the solar energy is wasted when a vehicle is plugged in or at full capacity and more

energy is taken from the grid. Habits around charging can be categorised into at-home only,

at-work only or at-home and at-work each e�ecting the solar potential di�erently. In the

scenario where the user charges the vehicle both at home and at work, nearly 80% of the

available solar energy is wasted (11). With greater prediction models for solar energy while

driving this solution could advise users when solar energy is plentiful or when they should

consider charging their vehicle. This project supports this goal to reduce energy consumed

by hybrid vehicles from the grid and optimise the solar energy potential using better

prediction models.

There has been experimental research in the area that tested the e�ectiveness of a

prediction model with a real-time experiment. There are many aspects here that can be

tested such as energy consumption, solar forecasting or vehicular design.

Bai et al. (12) created a digital twin model of a hybrid solar vehicle to characterise the

energy in the vehicle in order to optimise energy management. The hybrid vehicle consists of

power battery system, electric drive system, steering system, braking system and driving

system. Each system was modelled in the digital twin in a similar way to pure electric

vehicles but also including the photovoltaic cell arrays, the solar inverter and the power

battery pack. The experiment was run over a period of 30 minutes across an athletic track

and resulted in a 5.17% di�erence from the digital twin to the experiment. This can show

the e�ectiveness of digital prediction and the accuracy it can have to real world

scenarios.

Oosthuizen developed the Gridded Model Output Statistics (GMOS) Global Horizontal

Irradiance (GHI) model which uses historical data to reduce the average root mean squared

of solar energy forecasting by 11.28%, making the model more accurate than previous
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solutions (13). The model uses four cities in South Africa to predict the model. As a testing

ground Oosthuizen used the Sasol Solar challenge 2018 and con�rmed that the GMOS

model could have improved the accuracy of the state of charge of the vehicle and analysed

the possible range bene�ts. This project will use similar models for weather forecasting

predictions and analyse its e�ectiveness.

A solar powered E-rickshaw has been designed and used in rural India to conduct last mile

transportation (14). Through analysis and testing of aerodynamic design and di�erent

positioning of the solar panel on the vehicle, Nadimuthu con�rmed that with the new

aerodynamic design there was a 60% increase in speed and that the solar panel gave

maximum average peak power of 90W. Nadimuthu con�rmed that this solution was feasible

as a more sustainable option for last mile delivery. This broadens the scope to another type

of vehicle that could bene�t from solar optimisation routing as well as demonstrating

feasibility and e�ectiveness. It also shows the importance of designing an e�cient solar

vehicle which is discussed as a major topic in this project.

Solar vehicles emphasise a wide range of complex problems from hybrid energy management

to weather forecasting to aerodynamic design as highlighted in this relevant work. However

it is also evident that the range of applications for these vehicles is vast and minor

improvements in solar predictions as demonstrated in this project can greatly a�ect the

e�ciency of many other solar vehicle projects. This forms the basis for building the solar

energy prediction model.

2.2.2 Solar mapping

Solar Mapping is the �rst stage required to develop the prediction model in this project.

With increased use of photovoltaic cells on roo�ng or in open spaces the importance of

mapping and predicting solar energy has increased. Researchers have taken a variety of

di�erent models to improve these predictions and minimize error. This section will discuss

some of these methods, the di�erent inputs used and the results found.

Lobaccaro et al (15) performed solar potential analysis of buildings in Sluppen, Norway. The

6 step approach outlined in Fig. 2.1 shows how they used an urban map analysis to select

optimal buildings for photovoltaic cells. A similar approach will be taken to map the solar

potential of roads in Dublin. Following this method the road maps can be extracted and

analysed for di�erent vehicles travelling the route.
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Figure 2.1: Lobaccaro's 6 step solar mapping approach

Another case study was performed across southern India to create maps and explore the

solar energy potential across the region (16). The model used satellite given solar data and

temperature data over the course of a year. This data was used to produce a series of maps

to support business decisions. This shows that it is possible to take other inputs such as

temperature and understand its in�uence over the prediction maps. This work encouraged

the consideration of weather impact on solar mapping and how this may e�ect the outcome

of this project.

Hai et al (17) take another approach and use an extreme learning machine (ELM) based

prediction model. Unlike others, this is characterised as a method that can reach more

remote locations and predict both short term and long term solar irradiance data. Using daily

meteorological data as the input, they developed seven ELM models with unique neuronal

architectures. The results found that the optimal ELM model produced a root mean squared

error of3.28Wm2 in comparison to4.24Wm2 for a multiple linear regression model. Using

machine learning as a model requires a signi�cant amount of historical data to train the

model. This project will not incorporate historical data and thus this is not an appropriate

model. This is however an interesting consideration to develop future work on.

Wergertseder created a series of models for solar resource mapping (18). Wergertseder's

model, unlike previous models, was built on an integrated solar resource and energy

consumption approach. They followed a series of steps outlined in Fig. 2.2 to create solar

maps of buildings with hourly-time and seasonal-time resolution. This high level of

resolution is an advantage of this research as it analyses the impact in detail and not as an

average value for the year. The tools used also included ArcGIS, to look at building topology

and solar radiation, which is what will be used in this piece of work.
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Figure 2.2: Wergertseder's solar mapping approach

Solar mapping technologies and methods have been well researched with solutions including,

machine learning, multiple input sources and point of view calculations. This project will

incorporate Lobaccaro's 6 step approach in combination with Kumar's weather inclusion to

produce weather sensitive solar maps of the road network in Dublin. The way to include this

weather information can be further developed through other related works.

2.2.3 Impact of weather on solar irradiance

Once the solar irradiance values are calculated from the solar map generated, the weather

impact can be analysed and included in the model. Weather conditions can greatly impact

the solar energy consumption of photo-voltaic cells as suggested by Kumar in section 2.2.2.

This will a�ect the prediction model for understanding the most optimal route. Research has

been conducted in the area to understand and measure this impact which can be used to

create more accurate prediction models.

Cloud cover is considered the measurement with largest e�ect on solar energy consumption.

Park presented a paper (19) which used machine learning models to estimate cloud cover

from a series of images and thus predict the solar irradiance. The machine learning models

were found to be e�ective at identifying cloud cover and the following formula was used to
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calculate solar irradiance, where the maximum solar irradiance is the irradiance recorded in

clear sky conditions:

solar irradiance= (1 � cloud cover ratio) � maximum solar irradiance

This is a successful model and the machine learning algorithms used are very e�ective at

identifying cloud cover. This project focused less on the impact of clouds on solar irradiance

and more on identifying clouds. This may not be the optimal solution for understanding the

impact of cloud cover on solar irradiance.

On the other hand, Nevins tested this theory over a 3 year period to understand the impact

of cloud cover on solar irradiance and deduced that it was a non-linear relationship (20).

Using the data collected over 3 years and taking into account the time of day and time of

year Nevins used machine learning models to develop a prediction formula which is

quadratic.

y = 1 � 0.00243x � (4.24� 10� 5)x2

where y is the fraction of clear sky solar irradiance and x is the percentage cloud cover. This

formula is tested using a very large dataset and thus is considered to be accurate with a test

mean squared error of less than 30%. For this reason this is the formula that will be used to

include cloud cover in the prediction calculations.

Bonkaney discusses the impact of dust and cloud cover on solar irradiance through the

months of May, June, July and August (21). This research produces graphs illustrated in Fig

2.3 that show the inequalities in solar irradiance on cloudy days directly showing the impact

of scattered cloud cover.

Figure 2.3: Bonkaney's solar irradiance pro�les corresponding to cloudy days

As well as this Bonkaney brings to the fore the impact dust can have on solar irradiance
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which has the potential to reduce the daily energy yield by 15%. This is a point that should

be speci�ed to users to ensure these optimal routes are being used to their greatest potential

by encouraging users to frequently wash the solar vehicle. The uneven distribution of graphs

in Fig. 2.3 also suggests that predicting the solar energy on a route in cloudy conditions may

not be feasible due to the ever-changing environment.

Research has been conducted to understand the e�ect of wind on solar consumption.

Waterwoth conducted a study on Westmill solar park in Oxfordshore that showed that

southerly winds were increasing the energy output by 20.4-42.9% in comparison to northerly

winds (22). This is an interesting �nding for static solar parks however due to the movement

of solar vehicles and the wind turbulence within a city environment, direction and wind

speed are di�cult to predict. Consequently, wind will not be considered as a determining

factor in this project.

This project will use Nevins formulay = 1 � 0.00243x � (4.24� 10� 5)x2 to calculate the

impact of cloud cover on the solar irradiance predicted from the maps. This in combination

with solar mapping sets the base solar irradiance values that can be used to calculate the

energy e�cient shortest route.

2.2.4 Energy e�cient shortest route problem

Solar vehicles face similar problems to electric vehicles in terms of calculating the most

energy e�cient route. Electric Vehicles are faced with the problem that the battery life is

shorter than desired and thus the most energy e�cient route is desired to reduce energy loss

from the battery. Research has been conducted in many di�erent areas to improve this

problem and thus encourage the use of electric or hybrid vehicles. A prevalent area of

research is to calculate the most energy e�cient route taking into account elevation gain,

stop-start and congestion. This is similar to the weighting of energy consumption in a solar

vehicle. This research contains detail on the issues faced when calculating energy optimal

routes as well as �nding solutions for the most feasible route taking into account distance,

parking, battery power and stop-start.

A weighted graph can be used to show energy consumption for each edge in a road network.

De Cauwer et al. (23) and Strehler, Merting, and Schwan (24) used this solution and

compared the energy e�cient, distant e�cient and time e�cient routes based on the

proposed algorithm. The �ndings concluded that in many cases the optimal energy route

was a signi�cant increase in time, up to 170%. This time energy priority will be

implemented in the application of this research to directly meet the needs of users.

Storandt (25) had similar �ndings but focused not only on calculating the most energy

e�cient route but taking into account the extra time or distance required to travel the

route. The research used bounded distances, feasible paths and limited reloading. Similar to
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the optimisation of solar energy routing it is vital to take into account that even the most

eco-friendly of drivers may not drive three times the distance to save energy. Thus the

concept of bounding and limiting the feasible distances, can also be applied to solar routing

in this project. This further emphasises the need for a time vs energy priority feature in the

application so users can decide how much extra time they are willing to spend to save

energy.

Sachenbacher et al. (26) discusses the main problems with applying a generic shortest route

solution to this problem. Firstly, as it is possible for EVs to recover kinetic energy on

deceleration, there is the possibility that the route edge would have a negative value.

Secondly, the computations can be challenging and dependent on live constraints that

cannot be preprocessed. Thirdly, considering battery power there can be complications

dealing with the constraints of a full or empty battery. All of the above problems are

prevalent in the route optimization of solar vehicles and thus could follow a similar solution.

With some energy optimisations these problems could be solved using Johnson's algorithm

as well as the A* search algorithm with a complexity of O(n2).

Repeated stop-start of a vehicle wastes a signi�cant amount of energy, thus optimal energy

routes can be those that minimise deceleration and acceleration. Liu et al.(27) looks at

energy optimised routing from a di�erent point of view with connected and automated

vehicles (CAVs). The result was that with the automated network the energy e�cient route

was 15% more e�cient than the normal route however without automation there was no

signi�cant di�erence. When applied to a solar vehicle this stop-start prediction would be

ine�ective without a tra�c con�guration aspect and thus will not be considered in this

project but is highlighted as an area for future work.

Alizadeh et al. (28) , Arslan et al. (29) , Merting et al. (30) , Lee et al. (31) focus on the

shortest route for EVs based on recharging locations. A similar logic can be applied to

optimal parking for a solar vehicle.

This project will use work done in this area particularly when looking at a time vs energy

priority. A* algorithm and Johnsons algorithm have been chosen as a potential solution for

the most energy e�cient route algorithm.

2.2.5 Solar Car Optimised Route Estimation

Building on the work described in solar vehicle development, solar mapping, weather impact

and energy e�ciency, this most relevant piece of work amalgamates the ideas to create Solar

Car Optimised Route Estimation (SCORE). SCORE is a practice developed by Hasicic et al.

to optimise a route for solar powered cars. This has the goal of increasing the amount of

energy consumed based on historical recordings from a test �eet of vehicles (32). Hasicic et

al. have developed preliminary algorithms to solve this problem and analysed the e�ect of
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their solution in a series of papers that will be discussed in this section. This is the most

relevant related work and will provide a base-line for the work conducted in this

project.

In their initial paper they discuss the main objectives of the proposed project (32). The solar

data is collected using mobile transmitter sensors on vehicles in the city and the data is sent

and fused onto a local server. However these mobile transmitter sensors are light detection

sensors, not solar irradiation sensors. The results can be skewed by streetlights, headlights

and any other form of non-solar light. This inaccuracy will be improved upon in this project

by using solar irradiation sensors to test the accuracy of the solution.

Hasicic also proposed using CAD and GIS software to predict solar radiation at certain

locations as well as incorporating the local sunshine forecasts. However the amalgamation

and calculations surrounding this data were considered out of scope for this paper.

The proposed solution was expanded upon in 2016 (33) to focus more on the amalgamation

of the online and o�ine data, as well as how Dijkstra's algorithm was used. This uses a

standard de�ned solar car in combination with the SCORE algorithm to calculate how much

energy would be absorbed on a piece of road and uses this to create the edges for Dijkstra's

graph. However, this does not consider that the length of a road and the tra�c can

contribute to the amount of energy used by the vehicle. With an evaluation of energy usage

over distances these graph edge calculations can be made more accurate. This project will

incorporate energy used and transform the potentially negative edges using Johnson's

algorithm.

They implemented a SCORE system in a vehicle using TI's ARM Cortex-M4F based

TM4C123G LaunchPad so the user could enter a destination and the device could collect

information from the server and provide the user with the optimal solar route. A similar

solution is implemented in this project but on a mobile application so the research is more

easily accessed by users.

The results found that the di�erence in consumption on a solar optimized route is less than

5% based on their currently de�ned standard solar car. However, with improving

technologies the e�ciency of solar panels has been increasing and will have a bigger impact

when SCORE is applied. The other aspect of this paper, analysed which parking spots were

optimal for solar power consumption and results showed that this makes a signi�cant

di�erence to the energy absorbed. A higher priority should be placed on having a sunnier

parking spot rather than a parking spot chosen for proximity.

Their next paper (34) focuses more on the details and algorithms for incorporating historical

data. This focuses on prioritising more recent values in a closer time frame. The signi�cance

of each data point is rated based on recency, time of day and season. This paper will expand
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on this by having data for solar irradiance at every location, at any time of year and then

incorporate the sunshine forecast on top of this value. Using data from a di�erent day or

time can have a dramatically di�erent result especially in more diverse climates. Focusing on

the prediction from baseline points rather than previous recordings will produce more

accurate results. They also incorporated improvements to their parking algorithm by

considering the fact that users are less likely to walk a longer distance to their destination

from the parking spot. This is included in this project using a time vs energy priority in the

application.

In their most recent paper (35), not only do they discuss the experiment but also the e�ect

that a widely accessible SCORE system would have on a smart city. The biggest concern is

that with widespread information about the most optimal solar routes, there will be

increased congestion and parking density in these areas. These solar optimal zones will still

only be able to accommodate a set number of solar vehicles even with increasing demand.

They propose a solution to this problem in a city with some SCORE users and some

non-SCORE users. This solution provides incentives such as good parking spots or free

charging stations for non-SCORE users to take less attractive routes, leaving the well

insolated routes for SCORE users.

There are some additional limitations to the SCORE model which will be addressed by this

project. Firstly all calculations are based on a standard size vehicle and there is no

consideration for alternative modes of transport such as a solar bus or a solar van. With

larger surface area for solar panels there is a potential for a dramatic increase in solar

consumption with an optimized route. Secondly, although local forecasting and GIS software

are mentioned, there is no speci�cations into how it is incorporated in the calculations. This

report will expand on this and provide clear solutions so it can be used in future work.

Thirdly, the algorithm does not take into account energy used along an edge. This will be

improved in this project and Johnsons algorithm will be used to counteract potentially

negative weights. Finally, Hasicic focuses on using historical data based on a test �eet of

drivers. This only is practical in an area where this historical data is available. In this project

a generic prediction model that can be applied to any location will be created. This will then

be tested to understand the accuracy of the prediction model.

2.3 Summary

This project will create a body of work that is unique as it will focus on including energy

used along edges, accurate weather prediction, vehicle type and generic digital surface data

that can be applied to any location. The ArcGIS tool has powerful mapping capabilities that

will be used throughout this project to aid in creating the prediction model.
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This project will use work conducted by others to create a well researched prediction model.

It will follow Lobaccaro's 6 step approach (15) and incorporate Nevins (20) formula to

predict solar irradiance base on cloud cover. It will use similar techniques for analysing energy

e�cient routes as currently explored for electric vehicles such as time vs energy priority and

the use of Johnsons algorithm in combination with A*. All of these algorithms will create a

solid baseline for an accurate prediction model for the most solar energy e�cient route. A

summary of this state of the art with relevance to this project can be seen in Table 2.1

Section Relevance
Solar Vehicles Similar strategy for prediction and testing models, sets cur-

rent state of technology
Solar Mapping Adapts Lobaccaro's 6 step approach (15) to use for a road

network
Weather Impact Uses Nevin's formula for e�ect of cloud cover on solar ir-

radiance (20)
Energy E�ciency in electric
vehicles

Uses Johnsons algorithm and time vs energy balance

SCORE Builds on SCORE by incorporating vehicle type, weather
predictions and generic solution that can be applied to any
location

Table 2.1: Summary of State of the art
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3 Derivation of the prediction model

This chapter discusses the methodology used to derive the equation to predict the average

solar energy consumed by a solar vehicle along a road segment. Elements such as shade

from surrounding topography, weather, vehicle type, distance and time of day are all taken

into account.

3.1 Road network and length

A sample road network was selected in Dublin City as a testing ground for this project. This

road network consisted of 30 nodes (road junctions) and 57 edges (road segments). A map

of the nodes selected in Dublin city and their labels can be seen in Fig. 3.1.

Figure 3.1: Map of nodes and edges used as sample road network
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The sample was chosen as it represented a built-up environment and provided strong

variation in topography. The road segments along the River Li�ey were included to show the

impact of less infrastructure. This created a well balanced dataset that included di�erent

environments. The size of the road network was chosen so it could be driven in its entirety

in a one hour period, for testing purposes, that will be discussed in more detail in Chapter

5.

Each node was given an identi�cation number and each edge was labeled 'node1Tonode2.'

For example, the road segment connecting node 8 to node 36 along the River Li�ey was

labelled '8To36'. For two way road segments an edge was added for each direction.

The latitude and longitude of each node was recorded using google maps and used to

calculate the distance between two nodes. This distance calculated between two nodes is an

approximation of the length of the road segment. This does not take into account

dramatically curved road segments but is a good approximation for the purpose of this

project. The formula used to calculate this length is:

a = sin2(� '= 2) + ( cos' 1 � cos' 2 � sin2(� �= 2))

c = 2 � atan2(
p

a,
p

(1 � a))

d = R � c

where' is latitude,� is longitude, R is earth's radius (mean radius = 6,371km) and angles

are in radians. d is de�ned as the length of a road segment in the road network. Each edge

is assigned the value d based on the latitude and longitude of its corresponding nodes.

3.2 Shade and time of day calculations

This section outlines the next step in deriving the prediction model. It describes the creation

of a solar map with average solar irradiance values for a set of speci�c time intervals. This

process follows a similar approach to Lobaccaro (15) as discussed in Section 2.2.2 but

applied to road calculations instead of buildings. This approach is outlined and discussed in

this section.

ˆ Step 1: Urban analysis -> Gather digital surface model

ˆ Step 2: Data conversion -> Convert Li-DAR data to raster

ˆ Step 3: Solar mapping -> Create solar maps using ArcGIS tool

ˆ Step 4: Solar radiation analysis -> Average solar radiation values for road segments

ˆ Step 5: Clear sky solar irradiance -> Table of clear sky solar irradiance values
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3.2.1 Urban analysis

A digital surface model is an elevation model that captures an environment's natural and

arti�cial features. This is required to understand how shade impacts the solar irradiance at

any one point.

A Li-DAR point cloud is a collection of 3D points over a space gathered by a laser scan.

Each point contains x,y,z coordinates as well as a timestamp and a laser intensity value.

This is a commonly used method for creating a digital surface model of an area.

Laefar et al.(36) conducted an aerial laser and photogrammetry survey of a section of Dublin

city. This was carried out using a TopEye System across 41 �ight paths as displayed in

Figure 3.2. The interval between each path �ight was 100m so that, with the �ights taking

place at 300m altitude, each point would be recorded 6 times. This created a set of 1.4

billion laser points. The section highlighted by the red line in Fig. 3.2 represents the area

speci�ed in the survey.

Figure 3.2: Flight paths of aerial laser photogrammetry

The output available from this survey is a set of 78 LAS �les each containing the points for

a small section of the city. This point cloud was used to create a digital surface map of a

section of Dublin city. This aligns with the de�ned road network to create a local test site

for this project.

3.2.2 Data conversion

The Li-DAR point cloud data was stored as 78 individual LAS �les and were required to be

converted into a raster dataset in order to be processed into a solar radiation map. These

�les were imported into the ArcGIS tool which is also used by Wergertseder (18). The data

chosen covers an area approximately from Grand Canal Dock to Smith�eld and from

Phibsborough to Harcourt Road. This can be seen clearly in Fig 3.3 where the red squares

represent the outer limits of the data available in each �le.
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Figure 3.3: LAS �les where each square shows the outer bounds of the data for that �le

These LAS �les were combined by creating an LAS dataset and adding each �le. This

combines the data into a set that can be visualised as elevation points. This more detailed

view can be seen in Fig. 3.4. Each small circle represents an elevation point recorded using

Li-DAR.

Figure 3.4: Digital surface model at intersection of D'Oiler street and O'Connell Bridge

This LAS dataset could then be converted to a raster data set using the 'LAS Dataset to

Raster Conversion' in ArcGIS as discussed in Section 2.1.1. This raster dataset can be seen

in Fig. 3.5 The blurred sections around the edges of this raster dataset are due to some

outlying data and are considered invalid. The road network is contained to areas that are

well de�ned by the raster dataset.
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