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Abstract

In this study, an innovative energy management system (EMS) employing the promising reinforcement
learning (RL)methodis proposed The EMS intelligentlyadministrateshe powerflow between the

main battery which is fed through the alternaioda solarpowered auxiliary battery which is used for

the vehicle idletime reduction via providing energy for auxiliary loads which force the engine to be
running, although the service vehicle is stoppRt, which is an &quisite artificial intelligence
techniqueendeavorgo offer asub-optimal performance for thiontrolproblemcompared to the really

time consuming Dynamic Programming approach, which determines the optimal solution through

exhaustive search.

A service vehicle is modeled in the Matlab/SimularkvironmentDifferent parts of the model are
described in detail, and the dynamics of the considered vehicle are disdUsseaimulation results
expressa betterfunctionality compared to an existing rulmsed controlleand the idled engine case,
turning the proposeRL-based EMS3nto an effectivemethodfor implementationin vehicular solar
idle reduction (SIR) systemBouble DQNis also utilized to come up with the continuous observation
space. Th results are showing that DeRp can be a promisingiethod in control tasks like the EMS

of vehicular systems.

Furthermore, a cosffective and efficient data acquisition system is designed, tested, and
implemented using the renowned Raspberry Pi board, and some sensors to collect voltage, current, and
temperature data. The required electrical enclosures are also designed to keep the whole package safe.
The validation of the system results is done and the process is discussed in detail. This data acquisition
system can be employed to read the requiredrimdtion from vehicle and its loads, in order that the

intelligent EMS system can wisely decidtich action to take in a reime manner.
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Chapter 1

l ntroducti on

1.1 Motivation and Challenges

No one can camouflage the fact that our beloved planet, Earth, is getting warmer. Not only it has been
addressed widely in the newstlalso we feel it year by yeat][ Many of us remember the days with

amore pleasant weather, and it was not farther away than even 20 years ago. We are facing the Global
Warming and we cannot stay the sidelineand just watch it hgpen Global warming is resulting in

a destructive phenomenon cal®@nate changeClimate change is mostly brought about as a result of

our negligence and increasiogrbon footprintlt concurrently results in natural disasters such as rising
seas, heavieprecipitation and flooding. To name more of these disasters, we can mouat

destructive hurricanes, or extreme weather conditi2jns [

One of the main causes fdnig increasing carbon footpriigt greenhouse gas (GHG) emissions by
vehicles. It is goodo know thatourning just one liter of gasoline, will produce about 2.3 kgasbon
dioxide[3]. This accumulating carbon dioxidan trap mor@nd moreheat inthee ar t h’ s at mos p |
and end up altering the climatim this project we aimed at emergeraryd operational vehicles, or
more generally service vehicles which need to idle for a long time during theiteasperationAs an
examplePolice cars are idled 60% of the time durihgir normal operation and ug&% of their total

fuel while parked.While the engine provide20 hp, togetér all of the accessories ndeds than 2 hp
[4].

Idling of the vehiclaefersto the case in which the engine is running (engine ON), but the vehicle is
not moving.The engine in this case provides electrical pofee the auxiliary unitssuch asthe
lightings, medical units, lifts, communication means, andrswhich require power to rufihere exist
some technologies and practices that are referred to as idle reductionjdiimanfb]. These solutions
are t&en into account to decrease the idling time of the vehicle or its effects. Different idle reduction
strategies have been extensively studied and among all of them, using the clean renewable energy of
sun has shown environmental benefits as well as pnognissults ¢]. The sin transfers a huge amount
of energy many times greater than all weed for any reason, and todsjar panelsnake it possible
for us to make use of it by altering it to thkectricity. Solar Idle Reduction (SIR) is the name giee

to this technique.



To utilize the electrical power achieved from the solar panels and feed the auxiliary loads of the
vehicle with it, we need to design an energy management syBtd®). It takes care of the power
flow in different electrical partsfahe vehicle. The EMS is the brain of the system which controls the
connectivity and behavior of auxiliary systems along with internal vehicle systems. Various optimal
controllers could be used for this project, such as Model Predictive Contr@llebsif Al methods
have shown promising results in the case of designing EM&ambeenvidely studied recentlygf
12]. Reinforcement Learning (RL) is one of theseb@ked intelligent techniques which has been
employed for developing the EMS for this prdjdtis capable of generating a leak table for the
system by which the power splitting between different vehicle parts is controlled.

Another aspect of the project is utilizitige dynamics of the vehicle in order to minimize its fuel
consumption as thgoal for the optimal controller. It requires a huge amount of data which cannot be
represented as a loalp table. Therefore, the next step was to develop a deep network handling all the
required data and making a decision based on vehicle dynamics.meti®d is called Deep
Reinforcement Learning (DRL) whidfas recently been shown todbgame changing method for tasks

requiring exploration of different criteria to find the optimum solution to the prodé&m [

To collect the data from the sensors @igtd on vehicles, having access to a data acquisition (DAQ)
system is mandatory. There are many commercial DAQ systems available in the market, but the
problem is that they aexpensive and most of the tim#fer some applications which are not required
for a specific task. Some of these DAQ systems are fouridfjrapd [15] To address these problems
and overcome the necessity of having a DAQ system, a neveffestive approach has been taken

and a customized simple DAQ device has been developedesehfed in this thesis.

1.2 Problem Statement and Proposed Approach

To address the problems caused by idling the vehicle such as increasing GHG emissions which may
result in affecting global warming,vehicular solar idle reduction (SIR) system has beerliad on

some service vehicles. The already installed SIR systems do not have a controller and only have a
voltageenabled battery separator switch. Also they have an expensive data acquisition system which
is installed for research purposes. The problgth this system is the lack of an intelligent energy

management system and the costly DAQ system which is barrier for commercializing it.
Motivated by these facts, this research focuses on the following objectives:

2



91 Design and development of various EM&tegies for controlling the energy flow between
main and auxiliary batteries of service vehicles considering minimization of the fuel

consumption

1 Providing a new costffective DAQ system aiming at reducing the cost of

commercialization to replace thestly researctbased DAQ system

To achieve the aforementioned objectives, the vehicle modelZ0t A FORD F550 4x2 SuperCab
incorporated with the SIR system is modified and different generations of an intelligent EMS based on
the promising RL method are developed and evaluated using MATLAB and Python. The input data to
the model are collected from various standard and rea&t dsicles. Also a godalriented and cost
effective DAQ system as well as the required sensors for collecting the mandatory data is developed

and implemented. It is then calibrated and can replace the expensive off the shelf DAQ systems.

1.3 Thesis Organization

After having a brief discussion about the necessity and goals of this research as an introduction the rest
of this thesis is organized as follows: Chapter 2 briefs the background and includes a literature review
on different EMS strategies, idling rediact method, various types of RL and De&Lk, and DAQ

systems. Chapter 3 presents some details about the vehicle and SIR system model and also elaborates
on energy management architecture and the controller design. Three different energy management
scenams are included in this chapter. Investigation of the data gathering process and implementation
of the new DAQ system is done in chapter 4. Finally, chapter 5 provides the concluding remarks and

some suggestions for future work.



Chapter 2

Background and Literature Revi

This chapter is dedicated to elaborating on what leads to defining the SIR project and the required
background to come up with the project. It also explains the related literature which helpsamaliey

the whole scenaridlhis chapter is divided into six sections each of which aiming at giving some
information to make the next chapters easier to follow. The first part introduces the global warming
issue and GHG emissions for which vehicles amega@n cause. It also briefs about the effects of it on

our environment and then emphasizes the importance of doing something to control it. Then the chapter
follows with idling reduction methods which are employed nowadays in order to eliminate the
unnecesary GHG emission of the vehicles while they are idling for a purpose. The next section is
assigned to review the literature on the energy management strategies in different (mostly vehicular)
systems and various controller types which have been usebidogdal recently. A brief yet rich
background on the concept and scope of RL along with a comparison to other optimization and learning
methods is presented in the section afterwards. It is accompanied with a background on various deep
learning methods,specially the promisingpeepRL approaches for different cases. The next part is
then reviewing the existing data acquisition systems and various data we can get from a vehicle utilizing
different means. This chapter is concluded with a summary sectiah waves the way for the next

chapters.

2.1 GHG Emissions and Environmental Issues

It is clear to everyone that oworld is getting warmer and warmer, and this change is not as pleasant

as what everybody expects in the icsolad pwhienntoemesn oonf
challenges all of our lives and its intensive effects are making huge troubles for human beings and other
creatures. Lots of people are dying because of the hot summer days which are not reported earlier. Lots

of disasters are happeag every day and one of the main causes for that is the global warming issue

[16]. Some of these changes which occur as a result of climate3 change are rising sea levels, heavier

precipitation and flooding, sudden changes in the weather, destructiiGahesrand so on.

e

\



The geenhouse effecefersto the situationvheret he t emper ature of a pl ane

a highewaluebecausef the atmospherereatedy the radiatively active gases surrounding the planet.
These gases help trap morettirahe atmosphere. Without the aforementioned radiative gases creating

the atmosphere, the surface temperature would be lower. These radiatively active gases are called
greenhouse gases (GHG). They include but are not limited to water vapor (H2O) diaximen(CO2),

methane (CH4), and ozone (O3). Sorting out these gases based on their contribution to the greenhouse
effect on Earth, results in the following):

Water vapor: 36 ~ 70%
Carbon dioxide: 9 ~ 26%

Methane: 4 ~ 9%

= = =4 =4

Ozone: 3~ 7%

This is clear that carbon dioxide can be a main cause which is a byproduct of burning fossil fuels like
diesel or gasoline. Also there are other types of gases which contribute to the greenhouse effect and are
produced as a result of fuel burning. Soméheim are nitrogen oxides asdlphur oxides which are
toxic gases and cause environmental problems and some illn&8seSHG emission is dangerous
after all and everybody needs to play his role in fightinig i.a main cause of global warming arsl it

conseguential disasters which is maiotiginated by human industriatt@vities and modern life style.

Results of a study by the Unit&dates (U.S.) Department of Transportation reveal that almost 26%
of the total U.S. GHG emissions were generatettdnsportation in 2014. This puts transportation
the second place for largest GHG producing sourtgsifi the U.S. Vehicles are polluting the air
significantly and the trend shoviisat even with better engineered cars existing, still people eagerly
look for SUVs which consume more fuel. In the U.S. market almost only 3 percent of the new vehicles
is devoted to hybrid and electric vehicles from 1990 to 2014. This study also showstkhaaté of
the market for pickup trucks and SUVs is increased which translates into more fuel consumption. It can

be because of the low prices for gasoline and dieselX@gl [

Now that the pace for replacing the conventional vehicles with hybrid andadeones is slow, we
need to think about the scenarios in which the conventional vehicles, especially the ones with higher
fuel consumption can contribute to slowing down the increment of GHG emissions. There are also lots
of policies putting a limit o GHG emissions for the transport section. Therefore, GHG reduction seems

to be a mandatory task with designated constraints and plans.
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In the European Uniothe transportation section emits 30% of the total eneelgted carbon
dioxide emissions roughlyn 2011 theEuropean Commission (EGEt the objective of decreasing
direct carbon dioxide emissions by 60% in 2050 relative to its levels onvill§iel was 50% below
current levelsin July 2016 also confirmed the same emission reductiongdaln California some
more aggressive GHG reduction objectives are considered because climate change can have a large
impact on its economy. The transportatmartis thebiggestgenerator olGHG which made up over
40% of C aotalierhissionm 2096. Galibrnia has aimed at reducing the GHG emission levels
to what it was on 1990 by 2020, and to 80% below 1990 levels by the year oR2DFbput another
countries in the world, including Canada, an agreement of reducing GHG emissions to make the global
tenperature stable at® d above the préndustrial levels has been signed by 190 nati@amada is
going to meet the GHG emission reduction by 30% below 2005 levels by the year of 2030. Canada has
also set an 80% reduction goal below 2005 levels whichisntarachieve by 205@8]. Achieving all
of these goals worldvide requires fundamental changes in the automotive industry as well as other
energy related parts.

One of the states that vehicles burn the fuel but do not use it for the transportatioe [mtippsase
they are idling. Idlingefersto the situation in which the engine is on and consuming the fuel, but the
vehicle does not move and is stopped in a traffic jam or for aitemperation. When the vehicle is
idled, it still pollutes the aif-or instance if the vehicle is idled for more than 10 seconds, it burns more
fuel and emits more carbon dioxide than restarting the28hrThe City of Waterloo's anidling by-
law limits unnecessary idling of vehiclesttree minutesr less However, some emergency vehicles
areexemptedAs an instanceqice cars are idled 60% of the time duritigeir normal operation and
use21% oftheir fuel while parked. While the engine provids0hp togetler all of the accessories

needess tharghp, but still the engine has to work in order to keep the auxiliary loads ruri2zdhg [

To reduce the emissions incurred because of vehicle idling, lots of efforts have been made and a
bunch of strategies are developed. The next part in this chapter is edédixantroducing some of
these idling reduction technologies. It also gives some details about the method has been used for this

research.



2.2 ldling Reduction Methods

The term *“ Irdféreto techndloges andpnattices aiming at minimitiegaccumulated

time driversidle their v e h i @ngiees.There are some behavioral strategies which involve
driver/operator training and financial incentives for idling reducti). [Along with these behavioral
strategies, some technologies are speciftedHe purpose of using that vehicle which depend on the
vehicle type. Passenger vehicles, operational and service vehicles, and vehicles with specific working
scenarios have various idling times and also they have different accessories. Various madiaon

diverse types of vehicles make the idling fuel consumption and GHG emissions different for them.
Generally we can classify the idling reduction technologies and strategies into some distinct subgroups
[26]. For the special case of service vehigldsch mostly involves heavy duty trucks, we discuss some

of the technologies and devices that have three main characteristics: (a) They are installed on a vehicle
or at a location. (b) They reduce the unnecessary idling of the engine. (c) They prosidiesspeices

and support the auxiliary loads that would otherwise need the main engine while the vehicle is not

moving [25].

The methods which provide fuel savings and/or GHG emissions reducing benefits based on their
determined designed application atassified by U.S. Environmental Protection Agency (EPA) into
the following groups29]:

2.2.1 Auxiliary Power Units and Generation Sets

Auxiliary power units (APUs) are devices installed on a vehicle that are used for purposes other than
vehicle propulsion. Theare basically used for auxiliary loads such as seat heaters, air conditioner,
power steering, emergency lights and so2d. [An example of an APU or generator set can be the
use of auxiliary diesel engines for vehicle accessories other than propAtsidher type of the APUs

is a fuel cell APU which has the same responsibility and can be fou@]irFuel cell APUs can
theoretically eliminate nearly all emissions. Heating, ventilation, and air conditioning (HVAC) system
is the main auxiliary consumef the provided energy in most vehicles, especially service trucks and
buses. APUs are capable of supporting all of them as long as the truck habdugbroblem is that

again they consume fuel, however it is way lower than idling the erifhe [



2.2.2 Fuel Operated Heaters

Fuel operated heaters or direct fired heaters are small lightweight devices that directly burn fuel from
the main engine or a separate reservoir and provide heat only for the vehicle cab or truck engine. Their
problem is that they arstill using fuel for the purpose of heating and have exhaust emissions. Their
fuel consumption can be a gallon per day which is really lower than idling the vehicle. They are easy
to install and use, but they have limited functionality and cannot befasedoling the vehicled0].

This type of the idling reduction technology has been addressed in comparison with other tyjes in [

2.2.3 Battery Air Conditioning Systems

Battery air condition system usually integrates with a fuel operated heater in ordewdo an
independent cooling system. It deals with the cabin climate control to prevent idling the engine while
the truck is parked or stopped. It may not provide enough cooling capacity when the temperature is too
hot. They are powered by a set of bagervhich can be charged when the vehicle is operating or from

the shore power (connecting to an external electrical power source). This system is easy to operate and
has zero emission while working. By the way, they have limited run time and are nblesiatahot

temperatures. Also the battery needs to be replaced after som8%jme [

2.2.4 Thermal Storage Systems

A thermal storage system collects heat energy when a truck is driven and uses it for air conditioning.
Authors in B2] have addressed this typEidling reduction technology and developed a thermal storage
system for electric vehicle cabin heating which its concepts can be adopted for other vehicles as well.
They have used an advance phase change material which melts when the battery is afdirging a

provides heat for the cabin while the vehicle is parked. This is not as functional as diesel APUs.

2.2.5 Truck Stop Electrification

Truck stop electrificatiorefersto making the truck parking spaces capable of charging the truck battery
and also providingelectricity-powered devices for the driver comfort. These devices provide air

conditioning and auxiliary power for the vehicle and prevent it from idling. Therefore, these stops are
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called electrified parking spaces which operate independently of thé veHics  25nTthis solatior

is not well developed and there are not many of these electrified parking spaces available.

2.2.6 Automatic Engine Start/Stop

Automatic engine start/stop refers to a technology which based on some inputs and assessments,
decideswvhether the engine should remain off or be switched on to provide a variety of features. This
process is done without driver’s attention and w
is safe to start the engine without any controls frogbady. Some of the features are maintaining the
battery’s state of c¢charge and engine coolant t el
with other technologies and does not require many additional components. By the way, it sometimes

requires dling the main engine3p].

2.2.7 Solar Panels

The main use of solar panels for trucks is to support the HVAC system and some auxiliary loads without
having batteries. The solar panels employed for the truck industry are mostly flexible panels which are
lightweight and efficient. Fleet managers are attracted to utilize the green energy of the sun more and
more these days. Solar idle reduction is a method that can introduce fuel savings as well as GHG
emission reduction which helps protecting the environmeoantminimize the vehicle downtime and
emergency jumystarts. It extends battery life by helping the main battery with maintaining a proper
state of charge. It keeps the batteries charged especially when the engine is turned off. The downside
of it relatesto the cost of the panels and installation process in which the shape of the truck roof
(especially bumps that make the installation hard even with flexible panels) can be a limiting factor in
mounting solar panels. Also the amount of sun radiation aedpissure need to be maximized for the
panels in order to get good results. If the weather is cloudy, it limits the sun exposure and therefore the
fuel savings. The panels are required to be mostly clean of any dust and snow because these reduce the

efficacy of energy conversior34).

A good idea to get the most out of the solar panels is to provide an auxiliary battery which is capable
of being charged with the solar panels as well as the vehicle alternator. This way the energy from the
sun can be storechdhe battery even if the auxiliary loads are not in use which provides energy for

their utilization period. Also because of being connected to the alternator the reliability of such a system
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is high and the loads may be covered, regardless of the geengry of t he sun
if the energy comes from the alternator it is not considered a fully green solution. The reliability it offers
is an awesome feature which compensates for this downside. The SIR project is focusing on this
technoloy accompanied with an auxiliary battery. The following chapters will elaborate on the model
details and implementation of it, as well as introducing an intelligent controller for the purpose of
energy management which rules on how to provide the eleghoeadr for main and auxiliary loads

and when to connect/disconnect the alternator and main battery to/from auxiliary battery.

2.3 Energy Management Strategies

The energy management system (EMS) is the brain of any embedded system determining the energy
split between various electrically powered components. It needs to monitor, control and optimize the
performance of the energy transmission in the sys3&miEnergy management strategies and software

are widely usedn large industries like electricity gendmt and transmission, as well as smaller
applications such as Microgrids.s also used in smart buildings and vehicles to optimize the energy
consumption/generatiorv{L2], [16], [3546]. EMS can be theoretically classified into two totally
distinguishale categories based on the controls concept: (a)}leeal control which is conducted
through power electronics devices, and (b) Highel or supervisory control which refers to overall
control of the system using logics and programming. These progreemthen translated into
understandable commands for kevel controllers 47]. Mathematically we can subcategorize the
supervisory control for the EMS into two major groups: (a) Rusised nospredictive ways, and (b)
optimizationbased predictive method48]. Both of these approaches have their own benefits and
shortcomings making them interesting for researchers. Also there are some approaches trying to
combine the advantages of each method and reduce their shortcomings and are widely noticed by

researchers.

Rule-based approaches are more robust andirealimplementable35]. These two benefits make
them a good choice for practical and experimental works in which optimality is not an issue. The
implementation of ruldased controllers is usualeasy and they are simply designed. Of course, if
someone wants a controller which acts better andsvodke efficiently, it is mandatory to study the
system deeply and generate various conditional rules for the controller in order to maketinesghr
It is obvious that such a controller that does not use the data from the whole data set and does not
involve future information, cannot be optimum and is not able to beat an optimal controller in its
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performance for the similar situation. Rdlaesed mdtod can be implemented in deterministic or fuzzy

scenarios which are investigated in different fields vas#y, [41], [45-52).

Optimizationbased approaches on the other hand can give us the optimal solution by minimizing a
cost function. The problem thi them is that they are timmnsuming and need to search the whole
state space to find the optimum. Therefore, they are netimealimplementable and are mostly used
for research purposes to find the best scenario to compare with the re@5age’]. Optimizatior
based methods are then classified into offline and predibased scenarios. Various optimal control
approaches have been utilized in the literature to empower the EMS, ddodeddredictive Control
(MPC) and its variantsDynamic Pragramming (DP), and Stochastic DFlearly reattime
implementable approaches are more fruitful for the practical applications. Hence, offline controllers are
not a good choice for implementation. Some predidtiased algorithms that can be accompanied by
a readtime implementable method are attracting more and more researchers in a way that they can be
used in industry as wellf]. References42], [49], [53-54] reviewed the optimizatichased approach

in an informative manner.

Some new approaches whiate arying to achieve the benefits of both rbksed and optimizatien
based controllerare also attracting attentiolhe promising artificial intelligence (Al) methods have
been employed and some machine learbaged solutions are implemented for thepose of
enhancing the EMS technologie€sh]. Reinforcement Learning (RL) which is deliberately discussed
in the next part of this chapter, has been used for designing and implementing intelligent EMS systems
for some applications such as different typésiybrid vehicles. The results of the studied literature
demonstrate a promising future for Rased EMS approaches6{60]. The main goal of this research
is to introduce an intelligent energy management strategy based on the RL method whicipissib
and can be used in a réahe manner, since it is going to manage the power flow between the main
and auxiliary battery of the SiBnabled vehiclegrigure 2.1 depcts a summary of different EMS
categories and shows what the purpose of this research in terms of the EMS part is.
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Figure 2.1: Classification of different EMS strategies

As it is mentioned earlier, EMS systems are widely studied for hybrid vehicles. Although there are
not many articles in the literature addressing the special ca&SEr@nabledvehiclesor even other
idling reduction methods, some sort of different EMStags are studied by researchers for hybrid
vehicles[7-8], [11-12], [16], [28], [3643]. The idea which is adopted from these studies paves the way
for designing the new EMS for this research.

2.4 RL and Deep Learning Background

RL is one of the most famoud and Machine Learning (ML) techniques which has been around since
19809[61]. It has been used widely in designing adversarial games like backgammdbahbion),

and lots of trizdanderror problems@g1]. For some years it was not used widely among rekess, but

again in2010sit gained the attention of professional researchers all around the world as it was showing
eyecatching results when combined with deep learning methods. It has been investigated by many
computer scientists and many good featwaes developed for it. RL approaches also have been
employed for different engineering problems which involve-aizderror behaviors. This section tries

to briefly discuss machine learning methods and elaborate more on the RL approach. The RL

frameworkis investigated and some mathematics which is the backbone of the algorithm is included.
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Furthermore, some brief notes about Deep Learning and how it is combined with RL framework is
presented and then followed bgrious DeepRL methods comparebriefly to each other. Select
scenarios to go forward with for this research based on their capabilities are covered to wrap up this

section of the background and literature review.

2.4.1 What is RL and Why to Use It?

RL refersto a method of learning which can be saemany animals and is basically done through
trial-anderror. Just assume you have a dog and want to teach it to catch the ball and bring it back to
you. You can offer the dog a reward whenever it catches the ball and bring it to you successfully. RL
method has a similar ideology and is shaped around rewards and punishments. RL is somehow different
from two other categories of ML, Supervised Learning and Unsupervised Learning. In supervised
learning algorithms, there is a training labeled data set in whi¢loutputs are assigned to specific
inputs and the responsibility of the Supervised Learning agent is to build a mathematical model based
on the relations it can dig out between the inputs and corresponding oagpuiherefore, there is no
concept ofrewarding in it and everything is clear except for the mathematical relationship model.
Unsupervised Learning is distinguished from Supervised Learning in such a way that it does not have
access to the labelled data which means threraaspecified outpis at handior corresponding inputs.

It only has some interpretations at the beginning and tries to find the mathematical relationship model
based on identifying some commonalitiég][ Also there is SerrSupervised Learning in which some

labelled datar@ missing and has to do something in between two previously mentioned methods.

On the contrary, Reinforcement Learning has a completely different approach for solving the
problem and requires a reward function with which a rational agent tries to findosteefficient
solution to the problem by maximizing a notion of the cumulative reward. It is completely distinct from
having labels, annotations, classifications, or interpretations for the data. Most of the RL techniques do
not consider a prior knowledgof the mathematical model and the rational agent has to interact with
its environment to get information from i63]. Figure 2.2, Figure 2.3, and Figure 2.4 from [64]
summarize the scope of Supervised, Unsupervised, and Reinforcement Leaspeagtivelyand

demonstrate their basic difference.
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Figure 2.2: Supervised Learning framework [64]

Unsupervised Learning
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Figure 2.3: Unsupervised Learning framework [64]
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Reinforcement Learning
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Figure 2.4: ReinforcementLearning framework [64]

The RL framework consists of a rational agent whidh ontact with its environment in a way that
senses the situations and receives some states from it and influence the environment by its taken actions.
The learning process is performed through finding a map betivesat of states and actions which is
evaluated by allocating some notion of a reward function and generating value functions or using other
operators 35]. The agent ought to explore new actions and find out which series of actions result in a
higher cumulative reward for the given stat®y.[

Some of the most important characteristics of RL are-dradlerror feature and delayed rewards.
Delayed reward refers to the reward function of a case in which actions happening at a moment can
affect the situation at a later time instead of its imiatedsuccessor. Exploration and Exploitation
dilemma is also a determinative scenario. The agent needs to decide whether to choose an action which
maximizes the immediate reward and exploit a previeagbluated action, or to explore newly
available actins which might not produce a perfect immediate reward but introduce a chance of visiting
new states that might result in a higher cumulative reward after some steps. Both of these tools are
required for having a smart agentdig the optimal solutiorout The agent should exploit greedily

what it thinks is fruitful based on its experience, and needs to explosdiiablesearch space to
15



crave for more beneficial actions which might be skipped before. Another important characteristic of
RL is that the sttes can be partially observable which requires more sophisticated method for solving
the problem. Also the RL framework allows for adifeng learning with the concept of discounting

factor. Discount factor () will be more discussed in the next subigeci63].

The environment of the RL framework is commonly represented as a Markov Decision Process
(MDP) in which the outcome of situations are partly stochastic and partly controlled by a decision
maker (rational agent). In MDP architecture, state transition pilalesbare known and the value of
0 i aeshows with which probability the decision maker takes actiand goes from stateto state
i MDPs similarly look for a policy i that maximize the future expected rewasd]] If the state
transition probabilities or rewards are not known beforehand, the problem of MDP turns into an RL
problem and has its own characterist@S] [ Figure2.5 depicts the key elemenand framework of RL
which is similar to the MDP, however it lacks the state transition probabilities. In controls engineering
the agent acts as the controller, actions are the control signal and the environment resembles the plant
[61]. The measured d&s and rewards can be interpreted as the input and feedback to the controller.

Agent
State/ / Reward wion

Environment

a0 (| al 1 a2
s0 s1 52
D ro L1 Y Ml 2

Figure 2.5: RL framework and key parts [6]]

RL approaches can be categorized in different ways. One type of classification suggests to categorize
RL methods intanodelree andnodetbased RL. Modebased RL requires having a full mathematical
model of the environment and its interactions with tpend It is capable of learning lesimensional
and simpler tasks and also is sarmgiiiicient. On the other hand, modete RL can learn more
complex tasks, although it is samyhefficient. Some new methods are using a combination of both
approaches tbenefit from their advantages with respect to each other. Passive Learning and Active

Learning are two other categories which the RL methods can fall into. In passive learning there is a
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given fixed policy and the agent wants to evaluate it. Some metifithis type aré\daptiveDynamic
Programming Direct Utility Estimation, Temporal Difference Learning, and TD Lambda. On the
contrary, the agent in active learning approaches must learn what to do itself and its final goal is to dig
out a good policy. O#olicy Learning, OffPolicy Learning, GLearning, and SARSA are some sort

of active learning methods. These methods are investigated mostly by computer scientists and can be
found in [66-68].

The next subsection is dedicated to illustration of the RL madties and Q-earning method which
is an active moddtee type of RL we chose to implement for this research because of its promising
results and richer literature in the EMS field. IrL&arning every state is visited infinitely often owing
to the exploation characteristic of RL. Also as the time approaches infinity, the action selection
becomes greedy and the agent exploits more of it experience. The learning rate also starts decreasing
when the agent happens to become closer to a good policy. Moils detafound in the next

subsection

2.4.2 RL Algorithm and Mathematics

After elaborating on the RL framework and its characteristics, the mathematics which are the backbone
of the RL algorithm should be clarified. For defining the equations and concepts, it is assumed that the
state is observable. The agent believes that the staté T “Y and wants to select an action. This

action selection is modeled through this map:

“DOd YO Tip (2.1)

A policy based on this map is defined as:

“GH 0 0 st i (2.2)

and shows the probability of taking actigrwhile the agent is in state The agent tries hard to find

the optimal policy that maximizes the future expected reward. Also a policy can be modeled via this
mapping:
“ DYO & (2.3
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which shows that a policy determines the way the agent seleati@nabserving a state.

Most of the time an action might not payoff immediately. As an instance, a robot only receives the
final payoff after reaching its goal at the venytlastion.”Expected cumulative e w aigwdhat helps

us using a planning horizaa maximize the sum of all future rewards. It is conventionally written as:

(24)
Y O 71 i

in whichr is the discount factor which will be discussed shortly. If T=1 the immediate reward becomes
important and we have a greedy policyITresults in a finite horizon problem. An infinite T produces

an infinite-horizon case which has finite reward if p.

The final sum of the rewards will be finite as long as p:
. . . . = | 25)
Y [ | | E — (
F F p T

The goal of phnning in the MDP framework is to identify the policy which maximizes the future
cumulative payoff. We denote the optimal policy as:

“t AOCIYAD 26)

This policy will find the plan which maximizes the expected cumulative reward. Every pakican

a s s o cvalaafumdatioi*, me a s aexpectad galué (huenulative discounted future payidffhe
specified policy. The value function for ostep optimal policy i A O C ii A& is defined by:
i 1 ABi (2.7)

Thentwo-step optimal policy can be defined accordingly:
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© i AOCTIAB i nisdi Qke (28)

© i AOCTIABH i nisdi Qke (2:9)
Following this trend, value function ofdtep optimal policy will be:
Oi rTAGIRD  © i fisdi Qee (210
And for the infinite horizon case we get:
(211

o i 11T A@IRD @ i fisdh Qee

Thi s i nvar i anBelenani Eguatibin.o whad teatsgatisfieshis condition, is both

necessary and sufficiefdr the induced policy to be optimal

One of the most researched and implemented methods of RL approach for solving the energy
management and control problem is th&&arning algorithm which is developed by Watkins in 1989
[63]. Q-Learning is a moddiee and offpolicy method which does not rely on a behavior policy in
order to choose actions with respect to present states. It can solve the problems containing stochastic
transitions and r e walealn;ig may $tand for @ hotioea©ofQU I' i t " t e
obtained from the @unction0 i . The value foh can show the best possible outcome at the end

of a learning episode which is obtained by performing actiomthe staté [61].

Before beginning the learning process,needs to be initialized to an arbitrary fixed value.
Initializing the Qvalue in an efficient way is something tleain influence the performance and speed
of the learning based on experien@evalue is then defined for each stafgion pair as a funan

from state and action space to a real number:

0dY 60 A (212
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The update function for the-@alue is similar to the value iteration algorithm which is defined for

the MDP framework. The update equation is represented as:

e N L e ew v (213
ihwNOvihw | 8idd r 8l AWi ho L ihw

(]

in which the prime sign shows the values corresponding to the next time dtefs the reward
function which is defined over the state space. The reward function could also be represented as
which means the reward would be a function of the observed state and the taken action. The phrase

I A®i RO chooses the action with which thev@lue for the next step is maximized and returns this

maximum value. If we want to clarify what happensath update step, we need to say that after
initializing O matrix at the beginning, the agent senses that has just observécdsigtien selects an
actionwaccordingly at each time step. For the selected action it measures theirdwaaedl on th
stateaction pair and then transitions into a new sta#&/hen the agent observes a final or terminating

state as it$ gean episode ends and a new episode of the training process stae@n@g is also

capable of handling neepisodic tasksgl]. The simplest implementation of-Kgarning stores the

data in a table. Therefore, it has some limitations on the size of data and the state and action space. For

storing data in tables, the state and action space need to be discretized.

| inthe updatequationi s call ed the “l earning rate”. Learni |
newly obtained data can override the old information. It is also called the stebe&éesarning rate
can be between 0 and 1t ( | p). If| 1t the agent literally learns nothing. It makes the second
part of the update equation equal to zero and the previmadu® is considered for the update process.
It is translated into pure exploitation of the prior information. A factor of 1 is conseguefgired to
considering only the most recent information and ignoring the prior information. The agent in this case
only focuses on exploring new possibilities which can be seen by putting in the update equation.
The case df  pis the optimal castor a fully deterministic environment. The problem is that in the
real world we do not have such a deterministic environment and the problem is usually stochastic. For
these scenarios the algorithm converges only in special conditions which requite tecay to zero.
Practically, a constant learning rate of Th8t prdt rthetc is used based on the specific problem
we have 1], [63].
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ris then referred to the “discount factor whi
respect tolte immediate reward. If the discount fa¢tor ttthe agent only considers the current reward

i i and disregards the estimate of future valueA(@ i hb). On the other hand a factor which

approaches to 1 make it hungry for a higher reward obtaineddrhuge amount of steps. A value of
[ p may cause divergence. Even for values really close to 1 the environment histories and
information become very long and the error propagation problem happens. The best scenario would be

to start with a lower andincrease it to a final value in order to accelerate the learning pré&&ss [

The nextsubsectioris included to elaborate on the necessity of using function approximation or
artificial neural networks in order to handle bigger state and action spaaésigein bigger data and
also in order to handle continuous spaces. It gives some information about diffeepRL methods
and states which approach fits the requirements of this research.

2.4.3 Deep Learning and Deep-RL Methods

As mentioned in the previgusubsection, the-Qearning generates a table to store thealdies for

future use. The table needs to include thealdes for each pair of state and action which can possibly
happen in practice or simulation. This is obvious that if the size of dats gmowe have continuous

state or action spaces, the table simply cannot be utilized. Therefore, there should be another way to

handle these common issues.

One method to resolve the issue of big size data or continuous space is to do function approximation
For instance an adapted neural network can work as a function approximator which speeds up the
learning process in finite problems. Another method is to quantize the spaces and group some similar

data together. This can help with overcoming the datgostt@em but reduces accurad].

Deep Learning algorithms are widely used among researchers who work with big datasets and try to
classify these data and optimally find a solution for their problEémere are various Deep Learning
methodsavailable whit are used for different tasks, such as Convolutional Neural Networks,
Recurrent Neural Networks, and so on which are used for image recognition, natural language
processing, etclf]. Combining the promising concepts of deep learning with the RL frameveark
result in huge advancements in its performance. Also there is no need to design the state space
explicitly. This approach helps resolving the issue with big size data, and also continuous state and

action spaces. There have been many different ddemms developed in order to work with the
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concept of RLTable2.1 shows some of these promising techniques along with sordasiitbned

RL methods in a comparable format. There are other techniques with slight differences which are not

included here but came found in literature.

Table 2.1: Some different RL and DeepRL algorithms to compare

Algorithm State Space | Action Space Model Policy
Q-Learning[67] Discrete Discrete Modelree Off-policy
SARSA[68] Discrete Discrete Modelree On-policy
Deep QNetwork (DQN) ) _ _
13 Continuous Discrete Modekree Off-policy
Deep Deterministic
Policy Gradient (DDPG)| Continuous Continuous Modekree Off-policy
[71]
Trust Region Policy
Optimization (TRPO) Continuous Continuous Modelfree On-policy
[72
Proximal Policy ] ] _
o Continuous Continuous Modelree On-policy
Optimization (PPO}73]

The works on develdpg an agent playing ATARI gantey Google DeepMind has attracted a great
r e s e abDeepiRlemethdds. m 2al4DeepMindrintradaced the Deedadwvork

(DQN) which had some interesting features overcoming the instability occurred by nonlinearity in

de al of

function approximation by artificial neural networks for RL. These features streamlined the
employmentof deep learning for more complex RL problems, specificalye@rning. One of these
techniques is called the “experience replay”
training instead of the most recent actidd][ This technique is ab used in our research and have

been discussed in chapter 3.

Another algorithm which is used in this research and has shown fruitful results in outperforming the
simple DQN, is thédouble DeeQ-Network or Double DQN. The idea behind that comes from the
Double QLearning technique proposed in 2011 by Van Hasgd]t [This approach is an offolicy
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RL algorithm that considers different Q functions for action selection and value evaluation. This

technique solves the overestimation issue that occurs insiompke Deep G.earning problems7g].

OtherDeepRL algorithms have their own configurations and benefit from different methods and
opinions whichare out of this research scop&s an instance, the DDPG algorithm which has
continuous state and action spatevelops two different networks which are called actor and critic
net wor ks. Some other algorithms use “advantage”
aDouble DQNwith experience replay methodology is employed.

2.5 Required Data and DAQ Systems

Previous sections in this chapter were dedicated to the background on the environmental motivations
for doing this research and energy savings, as well as some suggested solutions for the EMS part of the
system and the ways to make it an intelligeme:. All of what is stated hereabove would be possible if

and only if we can measure and collect the data from various parts of the system. This section tries to
briefly give some ideas about required data and how to measure them, along with somedatisting

acquisition (DAQ) systems which can collect and process the raw data for us.

DAQ refers to selecting some samples of a-waald measured signal based on a sampling
frequency and then converting it to digital values in such a way that the datapracdssed and used
for statistics and other purposes. These digital data are then processed through a computer. A DAQ
system consists of sensors and a circuit for measuring and conditioning the analog signal, Analog to
Digital Converter (ADC) for convertig the measured signal to digital numeric values, and a computer
with programmable software for processing the data and storing],if77]. An overview of common

data acquisitioning steps is depictedFigure?2.6.
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Figure 2.6: Regular steps followed by DAQ system</B|

The first computers used for data acquisitignivere developed by IBM in 196After that a lotof
effort has been made and different companies produced various DAQ systems specialized in a variety
of areas. Just to give an example we can ndmaéational Instruments company which produces
specialized DAQ systems and DAQ+Controller products. It pleoluces modular DAQ systems
which maks it perfect for customizing the performanct]. One of these DAQ+Controller devices
which has been used for the previously installed vehicular SIR systems is NO6R1Owhich is

explained in details in chaptemf this thesis.

For this project in order to decrease the premium costs and benefit from a specialized system which
fits the requirements of the SIR system, a new-effsttive DAQ system has been developed. The

required sensors, ADC board, computer, eledtrical enclosures are explained in details in chapter 4.

2.6 Summary

This chapter attempted to provide some supporting backgrounds on the concept which are used in the

following chapters and review some literature regarding that. First off it startedwithg a heads up
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about theglobal warming issue, GHG emissions mostly by the transportation sector, and its effects on
the environment, and the importance of doing something. Then it provided some ideas about the idling
reduction technologies and thepapach which is selected for this reseaiidte chapter then proceeds

with the energy management strategies and different types of controllers. It states the pros and cons of
these methods and elaborates on the selected methods for the scope of thihthesid section gives

a worthy background on the RL framework and its concepts as well as the methods pertaining to making
it a DeepRL framework which has huge advantages. These concepts are used in the third chapter. The
final section of this chapteeviews the data acquisitioning and the existing DAQ systems which are
then used for the fourth chapter.

The thing thats missingn the literature is providing an intelligent EMS for thystems designed
for idle reduction Also the concepof solar idle reduction is not welleveloped and needs further
research and implementation. Also developing a-efisttive DAQ system for the purpose of
measuring the sensor data for idle reduction systems is not addressed recently in the [ifaiature.

thesis focuses on the aforementioned research gap and tries to come up with tenable solutions.
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Chapter 3
Model l i ng and EMS Design

In the second chapter the importance of reducing the GHG emissions and lowering the fuel
consumption for different type of vehed has been reviewed. It is necessary for every fleet manager

to plan for reducing these emissions in their service vehicles to meet the international goals and rules.
Also different idle reduction technologies are discussed and compared togetheatéddisit solar

panels can be used to provide energy for the auxiliary loads of the vehicle. For the purpose of controlling
the electrical power flow between the main and auxiliary battery, an energy management system (EMS)
is required. The process of thtelligent EMS development for the solar idle reduction (SIR) system

is explained in detail in this chapter.

This chapter presents some details about the vehicle model and its integration with the SIR system
at the beginning. Some simplifications are édaed and 2-DOF bicycle model is presented which
handles the vehicle dynamics. The chapter then follows with the steps of designing three different
energy management strategieghe order of added complexitiirst control scenario uses a simple
rule-based controller, while a more intelligent and complicated approach is taken for the second EMS
which is an REkbased controller. Last but not least segnbelongs to the case of DeBp-basedEMS
which considers vehicle dynamics and tries to minimizeftieé consumption based on its special
reward function. For each of the aforementioned energy management strategies slight modifications
are applied to the model which is discussed in detail. Furthermore, the comparison of these scenarios

is presented angbme explanations are provided.

3.1 Vehicular SIR System

To understand the model of the system which resembles the vehicle dynamics and the SIR system
model simultaneously, first we need to know about each and every part of the gdyigiam3.1
demonstrates a simple overview of the whole system. Solar panels are installed on the roof top of the
service vehicle. The main and auxiliary batteries as well as the busbars connecting tifemain
loads and auxiliary loads of the vehicle are fed through the EMS system. They are all connected through
an isolator switch controlled by the EMS system which determines whether they should be connected

or not. There are a variety of choices &uxiliary loads of a service vehicles. They can be different
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based on the vehicle's wusage. Some of the most]|
HVAC unit, audio systems and liftalso the man goal of the intelligent vehicular SIR systemigth

is reducing the GHG emissions is highlighted in the figure. Some of these gasésogen oxides

(NOy), carbon monoxide (CO)arbon dioxide (Cg), and subhur oxides (S€. A more detailed

Simulink model of the system which is developed by the [8iifect recent team members and is

presented in35] is reviewed in following parts.

Solar Panels

Auxiliary Loads:

Main Loads
Lightings
HVAC unit |
Medical units .
Main

Audio systems Battery

co, Lifts
S 4 SIR
@
ux.
So’( Battery

Figure 3.1: Overall sketch of a SIRenabled service vehicle

Two service vehicles from the city of Waterl oo’
One of them is a 2011 Ford F550 Super Datydthe other one is a 2010 Freightliner Heavy Duty
truck. Flexible solar panels are mounted on the driverdfaihese vehicles and the solar charge
controller, DAQ system and other components are packed in awmaistant box on the vehicle. The

auxiliary battery is also installed on these vehicles.

The only component of the implemented SIR system on the adot@med trucks, which is acting
as a simple controller is a battery isolator switch. This component works based on the voltage it senses
from the connected batteries. It compares the measured terminal voltages with a reference voltage and
connects/discorects the batteries. If the circuit is closed and the batteries are connected, both of the
main and auxiliary batteries which are now connected to the alternator of the vehicle are utilized to

provide electrical power fmeans thelaexiliaw éditérycid deaining d i f f
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the charge of the main battery in case the energy from the solar panels is not sufficient to maintain the

auxiliary battery’'s state of charge (SOC).

Figure 3.2 shows the employed voltadggased working isolator switch by Power Fist. This battery
isolator is capable of transmitting 90A currents. Its main responsibility is to prisentain battery
from discharging when no source is conneciég voltage on the fully charged vehicle batteries should
be above 12.6V. When the engine is on this voltage should be 13.7 to 14.80plEnhE battery
isolator switch gparates the main and auxiliary batsriwten the voltage drops below 1%.%o
prevent ovedischarging of the main battery. Also when the voltage gets above 13.2V this switch
connects the batteries again. When the batteries are connected via this battery isolator, if there is at least
one eletrical power source availablbpth the main and auxiliary batteries are being chargkd
existing power sources considered for this research are the vehicle alternator, solar panels, and the grid
(also referred as shore power).

Figure 3.2: Voltage level enabled battery isolator switchutilized for SIR system

Undoubtedly such a battery isolator which only works with voltage constraints is not optimum. Better
results in terms of fuel consumption and GHgissions reductigrcan be obtained if we can have
contr ol on the batteries’ SOC and also consider
process. This fact emphasizes the importance of designing various EMS strategies in seek for better

outcomes. These new EMS strategies have been developed for this research and are presented in the
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next sectionsTo implement the newly designed controllers, some changes are required to be made in

the installed system and some components like the battdayoisneed to be replaced.

3.2 Modeling and Prerequisites of Simulation

The MATLAB Simulink model of the SIR system along with the 2 degrees of freed@®E) vehicle
dynamics model is developed by the previous researchers in the SIR project3gtotio\vever, for

the scope of this research the model is modified for a 2011 Ford F550 Super Duty Chassis Cab 4x2,
and required changes are applied for each EMS strategy. The simplesf thbeimodel is illustrated

by Figure3.3. Four differentarea are seen in the Simulink model which are explained as follows:

The “Vehicle System” basically includebBOFari ous
vehicledynamics, as well as the main battery and main loadsalidreatoiof the vehicle is also shown
separately in order to make the inputs and outputs easier to follow. The main battery is a 36 Ah lead
acid 12V automotive battery and the main loads are asum bel000 Win total. The vehicle
dynamics and mechanical parts block includes the required mechanical parts of the inehiclieg
the diesel engingransmissiomp ar t s , final d r iwhieh, playaapidotalwoeene | s’ m
determining the DOF bicycle model for vehicle dynamic§he vehicle dynamics equation is also

integrated into the Simulink model.
The 2DOF bicycle modefor the vehicle dynamics is:

(3.)

. P n p
W =
U

O Eé @ 6 A0 Q@ aDET | Qe

inwhichd ¢pndt 1" p& ¢,0 1,0 ™t p| 1 and'Q o T fpr the 2011
Ford F550 service vehicl&able3.1 shows the required parameters for initiglg the Simulink model

for starting the simulation.
The fuel consumption rate is then calculated from:

a 1 Y (3.2
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Figure 3.3: Simulink model of the SIR system installed 0r2011 Ford F550 Super Duty truck
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Table 3.1: Required parameters for initializing the simulation

Parameter Value Parameter Value
Sol ar panel s 2530 Auxi liary 1@ 750W
Bat t eamina goltage 12v Final drive ratio 3.73
Main battery capacity 30 Ah Final drive efficiency 0.94
Auxiliary battery capacity 20 Ah Transmission efficiency 0.5
Main battery SOC 95% Generator ratio 15
Auxiliary battery SOC 80% | parameter of engine PP o p T
Main | oads’ 1000W I parameter of engine g pT
The “SIR System” r gartefdhe Simuink madal.dtincludes phe mddel fort

solar panelsand also auxiliary battery and auxiliary loads. The solar panels ma@les the solar
irradiarce data as a lookup tablEhe auxiliary battery is almost similar to the main one which means
al2V leadacid batterybut with 20 Ah of capacity. Also it is assumed that the auxiliary loadg=re
W in total. The shore power isonsidered for this model which may charge the auxiliary battery while
the vehicle is connected to the grldhe shore power is modeled as an 11.8V DC voltage source which

provides electrical power to charge the batteries when the vehicle is in the parkindg-igpate 3.4

demonstrates the SIR system model.
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Figure 3.4: The part of the model representing the SIR system along with the battery isolator

There aretwoothggarts i n t he Simulink model, namely “EMS”
where all other parts are connected through. Thema bat t ery and main | oads’

alternator are connected to one terminal of the battery isolator which is clear from the model. The
auxiliary battery and its connected loads, solar panels, and the shore power are connected to the other
terminal of the battery isolator. The state of the separator switch whether it is open or closed is then
determined by the EMart of the modelThe EMS block receives some inputs from other parts of the

system to control the state of the battery isolatgich as its output.

Now that the simple model seems useful for going forward with, we need to specify a driving cycle
for the modeled vehicle. A driving cycle acts like a data set which provides the vehicle model with the
speed data over the simulatiomd. This helps the simulations to be more realistic because the driving
cycles are mostly the recorded data from experimentaweddl driving in different situations and
scenarios41]. The speed profile for each driving cycle can be in mph or km/lhwéhde given to the
Simulink model or MATLAB code as a loakp table. The vehicle model then follows the speed profile

of the driving cycle and generates the torque and the angular velocity accordingly.
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The driving cycle which has been used for this negeds a stack of two FTP driving cycles
accompanied with some parking times anesita@ operation time slot$he FTP is a city driving cycle
developed through various tests performed by U.S. Environmental Protection Agency (EPA). It has a
duration of 184 seconds and the travelled distance of 11.04 miles with a 21.2 mph averag83¥peed [
Figure 3.5 demonstrates a specialized from of two FTP driving cycles whiclbéas used for this
research. This driving cycle is a 10,000 secdndg cycle with 1,000 seconds at parking state at the
beginning, an FTP cycle of driving to the site (1874 seconds), 4,000 secondsit&f operation in
which the vehicle does not movedithe speed is zero (idling state), another FTP cycle for driving back
to the parking slot (1874 seconds), and 1252 seconds at rest to finish the driving cycle with another
parking state.
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Figure 3.5: The driving cycle being used for simulation of a service vehicle's trip during a day

Considering all of what is stated above including the Simulink model, vehicle dynamics and fuel
consumption equation, and the driving cycle, we can design differentdgM&ns accordingly. The
next three sections of this chapter are dedicated to thebRsésl, Rtbased, and Deep Rthased EMS
strategies for controlling the state of battery isolator switch based on different inputs and specific
scenarios. After all, a cgmarison of the developed EMS strategies with the case of having no SIR

system at all is presented in a separate section.
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3.3 Rule-based EMS

Based on the literature review presented in the second chapter,-baRetecontroller can be really
fast and robust,ral therefore redime implementable. The only problem for that is related to the
optimality issue. Even if an expert defines the best conditions for theb@sézl controller, still the
optimality claim cannot be made. However, such a-detigned EMS stem can be neaptimal.

TheRulebased EMS for the SIR project is defined as
Figure3.6 shows the corresponding Simmkiblock which is located at the EMfart arealt receives
the battery SOCs and checks the conditions to output a value of 0 or 1 for the separator switch. This
value is stored in a memory block and is fed into the conditional function to maintaindinetseptate

in case no conditions are violated.

SOC_AuxBatt
SOC_AuxBatt [:]
) Sep
SOC_MainBatt 4\ c >®
SOC_MainBatt fen Sep
| cold

b

Figure 3.6: The function block used in Simulink which forces the conditions on batteries' SOC

as a Rulebased controller

Torun the simulationthe Simulink model needs to be initialized by some required parameters. These
parameters anaitialized from theTable3.1. After running the simulation with the describemving
cycle and aforementioned parameters, the results indicating voltage, current, and SOC of the main
battery and auxiliary battery, as well as the battery isolator switch @taegn, 1: clos#) are depicted

in Figure3.7, Figure3.8, andFigure3.9 respectively.
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Figure 3.7: Voltage, current, and SOC of the main battery for the Rulebased EMS
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Figure 3.8: Voltage, current, and SOC of theauxiliary battery for the Rule-based EMS
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Figure 3.9: State of the battery isolator switchfor the Rule-based EMS

3.4 RL-based EMS

Reinforcement Learning (RLs the approach which is selected for this research in order to develop an
intelligent EMS strategy for the vehicular SIR system. As indicated in the literature s=ggon RL
approach is chosen as a learAiraged approach which can have some bisnfefim both rulebased

and optimizatiorbased approaches. If a network which is trained usthgd@pning technique and the
Bellman optimality criterion, handles the energy management of the SIR system, can give us the
optimal solution. The limitation thas added to the problem is that the network needs to be trained
before being used by the simulation. The training is also done by the Simulink model itself with the

parameters which are mentioned as follows.
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The states for the RL framework are considdetde the SOC of the main battery and auxiliary
batterywhich is discretized in order to be used by theearning algorithmThe actionselection is
done for determining the situation of the battery isolator switch whether it is closed (1) or ofiée (0).
reward for this framework is also defined based on different situations which can happen to the SOC
of batteriedor different switch (action) situatiorduring vehicle operatiohe maximum number of
iterations considered for the trainingpisrt stegs for 100 episoded.he discount factor is & and
the learning rate is setto T at the beginning which decays with respect to the number of passed

steps. Also the exploration probabilityf is T

A part of he generated €@ableis depicted orrigure3.10just for demonstratianThe lookup table
is saved by MATLAB and can be used for the simulation. The Simulink model starts with the main
battery SOC of 95, ahauxiliary battery SOC of 80 percent and looks up these values inttideQ
Based on these values the action which makes the best outcome based -tabieadBelected and
the simulation proceeds with th&tigure3.11, Figure3.12, andFigure3.13 demonstrate the voltage,
current and battery SOC for the main and auxiliary batteries, along with the battery isolator state which
refersto the action for Rtbased EMSThe large voltage anclrrent values which arise at the isolator
switching points are because of the rapid changes in the state of the battery isolator which
connects/disconnects the power from solar pai@lks.switching brings about open circuits amine
sparks.These valuesvould bepossiblydamped by the capacitors and inductances of the system in
practice.However, we need to minimize the switching frequency to prevent multiple occurrences of

thesesparks and resultingrge value®f voltage and current

val(:,:,9,30) =

0.9322 1.0606 1.0622 0.9342 0.9345 1.0272 0.9392 1.0076& 0.9797 0.6346 0.5639
0.9833 0.9832 0.571¢6 -0.2993 1.0622 0.98086 0.6787 1.0880 1.0514 1.0608 1.0697
1.0661 1.0918 0.6838 0.5717 1.0439 1.0556 0.6375 0.5398 1.0918 -0.3024 1.0487
0.6448 0.8015 0.9623 0.9794 0.9889 0.9959 0.6143 0.9408 0.6574 1.0438 0.9753
1.0721 0.6317 -0.3021 0.9371 -0.2935 0.8328 0.8591 -0.4357 1.0380 -0.3450 0.5497
-0.3779 -0.4035 -0.3215 -0.4522 -0.3394 0.8014 -0.4375 -0.4342 -0.399%¢6 -0.4623 0.8968
0.6535 -0.3383 0.5262 0.9722 -0.40869 0.9792 0.9368 0.5641 0.6396 0.6387 0.5143
0.6636 1.0640 0.6521 -0.2992 1.0522 -0.3632 0.8433 0.6208 0.9823 -0.3457 -0.3661
0.5521 0.6070 -0.351¢6 0.6292 -0.5592 -0.31594 -0.465¢6 -0.3947 -0.3552 -0.353¢ -0.38617
0.6378 0.6457 0.5122 -0.3575 -0.4381 -0.4079 0.9163 -0.4230 0.5116 0.8057 -0.4317
-0.9280 -0.9415 -0.9343 -1.0072 -0.9473 -0.91867 -0.9047 -0.9010 -0.8913 -1.0318 -1.0354
-0.90869 -0.9252 -0.9004 -0.9392 -0.907¢ -0.9270 -0.9220 -0.9019 -0.9288 -0.9620 -0.9457
-1.0463 -0.9068 -0.918¢6 -0.9404 -0.8945 -0.8950 -0.9011 -0.9344 -0.9204 -0.9783 -0.9055
-0.9529 -0.9088 -0.9433 -1.0018 -0.9297 -0.8947 -0.8995 -0.9019 -0.8945 -0.9274 -0.895¢
-0.9433 -0.8942 -0.9021 -0.9713 -0.9285 -0.90869 -1.0229 -0.9325 -0.8939 -1.0353 -0.9482
-1.0041 -1.0124 -0.9319 -0.9172 -0.9420 -0.9157 -0.9185 -0.9489 -0.9486 -0.9042 -0.9031

|
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.9666 -0.9118 -0.9363 -0.9269 -0.9092 -0.9029 -1.0003

[}
o
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Figure 3.10: A small section of the generated lookup table for earning, trained for the RL -
based EMS

38



Battery Voltage (V)
S ® B2 o & X

-
-

400

w
o
o

N
o
o

Battery Current (A)
=)
o o

-100

100
99
98
97
96

State of Charge (%)

95

| \ 1
o ||
~ ~—
! ILULULGLULLLLL l
1 e
/ mw LILELALJ LB LB L
0 1000 2000 3000 4000 5000 6000 7000 8000 9000 10000
Time (Sec)

Figure 3.11: Voltage, current, and SOCof the main battery for the RL-based EMS
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Figure 3.12: Voltage, current, and SOC of theauxiliary battery for the RL-based EMS
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Figure 3.13: State of the battery isolator switchfor the RL-based EMS

3.5 Deep RL-based EMS

One problem with the simple Rhased EMS which makes limitation for its performance and does not
allow it to beat other methods is the limitation on the data size and requiring discrete-ldeaaniQg
approach generae lookup table and if the state or action space has huge amount of discrete data or
any of them is a continuous space, thé.d@arning approach becomes useless. That is where the
promising Deep Learning approaches can help tHee@ning method solve itdimensionality

problem.

Another limitation of the designed Rbased EMS which is caused by its data size limits relies on
the lack of vehicle dynamics in the state space. Because of not having any information about the vehicle

dynamics during the trainingrocess of the Qearning based EMS, it only relies on the SOC of
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batteries and does not consider the parameters affecting the fuel consumption. This aspect makes the
RL-based EMS more similar to a Ridased controller and not much analogous to an agtinit

based strategy.

Developing a Deep Rbased EMS system can address these issues considering a continuous state
space for increasing the accuracy of the computations, and also including some parameters of the
vehicle dynamics which play a role in theel consumption equation for reward shaping. Based on the
literature review which is done in chapter Dauble DQNhas been implemented which handles the
EMS part of the system. The process of developing this new intelligent EMS strategy is discussed in
details in this section.

This is a trend among the researchers working with Deep Learning methods to write their codes in
the Python language. Python provides some unique features and packages for Deep Learning which
makes it incomparable. Some of thesekages are Tensorflow, Theano, and Keras just for instance.
These packaged with some prebuilt functions and classes can make it a lot easier to write the codes for
an intelligent Deep Ribased EMS system. Also for the purpose of designing the envirofioneéhée
RL framework, Python makes it possible to use the OpenAl Gym which provides transferrable classes
and tools for building an environment. Consequently it was determined to write the code for this EMS
scenario in Python. It requires some changesénSimulink model and the process of training the

network.

First off the previous EM®art of the modeln Simulink model has to be completely removed
because the training is done in Python and the resulting network also is called from Python. It s obviou
that in order to send and receive data between Simulink and Python we need a communication means.
One way to do that is to call the MATLAB engine in Python and try ttheeMATLAB commands in
Python This is completely doable, but the issue is that this process is really time consuming. The
MATLAB interpreter takes a lot of time to react to the commands set by Python code. Therefore we
decided to develop a communicatigrart in Simulink model and ats configure the same

communication means in Python as well.

There are different types of serial communication which hasigiieed blocks in the Simulink
library. Based on the requirements of this research and the simplicity of the work, it was determined
that the User Datagram Protocol (UDP) communication can be the best fit for this p@pjose
Figure3.14depi ct s t h peart of thevmotdindging the communation blocks whichg

added to the Simulink model. It packs the “doubl
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engine torque, and engine angular velocity to tI

to be received from Python

[SOC_MainBatt] >
[SOC_AuxBatt]
Pack » F—L P Data
Send UDP packets
Using host-target connection
To: 127.0.0.1:8001
48 P Length
Data —» Unpack * »<_ [Sep]
Receive UDP packets
Using host-target connection
From: 127.0.0.1
=

Figure 3.14: The new EMS system including the UDP communication blocks for the Deep RL
based scenario

The updated Simulink model for this scenario is then graphEgjume3.15.

To have the UDP communication set up in Python as well, we need to import the required libraries
such as “socket” for that. After that cafigmme | ar t o
thesendand receive ports and IPs and make them similar to what is set in Simulink. Also data packing

and unpacking which requires the struct” | ibrar

“doubl e” and vice versa.
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Figure 3.15: Updated Simulink model of the service vehicle for the Deep Rbased scenario
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The Python code uses the packages ftioeilensorflow[83] and Keraq84] libraries which are
mainly developed for the Dedgearningproblems Also the RL environment is designed using the
tools provided by OpenAl Gyn8p]. The network architecture which is selected for this research is a
recursive neur al net work with three dagyissised | ayer ¢

with the® A d aoptimizer. It has three dense layers with this configuration:
1. Dense layer; input size: state size; output sizeadyationfunction: Relu
2. Dense layer; input size: 2dutput size: 24activationfunction: Relu

3. Densdayer; nput size: 24; output size: action siaetivationfunctiort Sigmoid

The network configuration outputted by Python is depicteBigure 3.16. This is a classification

problem which wants to determine the action must be either 0 or 1.

Layer (type) Output Shape Param #
dense_1 (Demse) (N, 24 72
dense_2 (Dense) (None, 24) 600
dense_3 (Dense) (None, 2) 50

Total params: 722
Trainable params: 722
Non-trainable params: ©

Figure 3.16. The Double DQN network configuration consisting of three dense layers from the

sequential model of Kerasgenerated by Python

Before running the training session, we needefine a loss function for the network compiler. The
Huber loss function is used for the training of this networlctvisintroduced by Peter Huber in 1964
[86]. Also it is necessary tmitialize and set some hypparameters for the network. These hyper

parameters are presentediable3.2.
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Table 3.2: some hyperparameters for training the Double DQN

Parameter Value Parameter Value Parameter Value
Learning rate 0.0001 Exploration{) | 1.0 (decays Episodes 150
Discount factor 0.2 Minimum{ 0.05 Steps at each episod 3
Huber loss deltg 1.0 Decay of 0.999 Epochs ateachstep 1

For the training process, firstly the UDP communication port is enabled on Python and then the
Double DQNcore is configured and run to be ready for receiving data from Simulink. Afterwards the
Simulink model including the UDP communicatiblocksis initialized through MATLAB and then
run to provide Python core with the states and other packaged data. Ryhiors the sent packaged
data from Simulink, unpacks them and uses them for training the network. At the next step it updates
the first QNetwork and generates the action from the oth&te@vork which is then packed and sent
back to the Simulink mode¢hrough UDP communication. This process is done over and over so that

the triatanderror behavior behind the RL concept improves itself.

T he “ Rpamsirthke Simulink model which is clearly seerHigure3.15is basically an assertion
function controlling whether the practical limitations on the SOC of batteries are not violated during
the training process. If the SOC of any of the batteriesstargo above 10@ercent which means
overcharging the battery, or below 40 percent which drops the battery charge and causes damage to the
battery, this system stops that episode and a new episode of the training is started again. This also
prevents the accumulation ofiinendous negative rewards in order to omit underestimatiorvafui@s

in the training process.

There are many parameters influencing the performance quality of-Netvi@rk. Some of these
are referred to as hypparameters which were set befovée can change this hypparameters in
order to improve the performance of the trainifige network architecture plot genéed by the

Tensorboard libraryor our training network is depictesh Figure3.17 in which the loss functions,
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optimizers, andadditional dense layemshich are generated by the Keras interpreter for testing are
shown.

After training on 150 episodes (complete simulations) which took almostu8 ba a computer
with an Intel Core i%~4790 CPU at 3.60 GHz, a 1.0 GB AMD Radeon R5 240 Graphic Card, and 16
GB of installed memory (RAM), a somehow optimaN@twork is obtained which can be used for any
further simulation. For running the simulatiogean we need to configure the UDP communication port
on Python and initialize the Simulink model. Then the saved network is loaded on Python and the
Simulink model can be run. Theletwork receives the states and based on its evaluation presents the
action to the Simulink modeFigure3.18 shows a block of the running commands in Python interpreter
while the simulation is running
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Figure 3.17: Training and testing network architecture generated by the Tensorboard library
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Figure 3.18: A small section of the Python output while the simulation is running

The Deep Ribased EMS which has been designed usiDguble DQNin this part of the research

provides us with the results shownhkigure 3.19, Figure 3.20, andFigure 3.21 for the main battery

auxiliary battery and the battery isolator sucoedgi
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Figure 3.19: Voltage, current, and SOC of the main battery for theDeepRL-based EMS
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Figure 3.20: Voltage, current, and SOC of theauxiliary battery for the Deep RL-based EMS
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Figure 3.21: State of the battery isolator switchfor the Deep RL-based EMS

3.6 Comparison of Different Scenarios

Three different variants of EMS system have been developed and explained in previous sections of this
chapter. Theule-based EMS follows simple rules and is written in a MATLAB Simulink function
block based on some conditions defined on the SOC of mdiraaxiliary battery. The Rbased
scenario aims at automating the EMS in a way that no direct rules or conditions are required for the
controller. The control of the battery isolator switch is done via searching through a genetaésl Q
obtained from th training process. The Deep Rased EMS strategy addresses the size problem of
the QLearning approach which is the RL method used for theb&ded EMS. Also it solves the
problem of requiring explicitly designed discrete state space and accepts amnsiate space which

is a profit of using Deep Learning approaches to empowlezapning. ADouble DQNhas been used

for the pupose of developing the Deep Blased EMS which benefits from two different networks for
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choosing actions and action evaluatias well as the experience replay approach which speeds up the

learning process and omits overestimation of the results.

The results pertaining to the voltage, current and SOC of the main and auxiliary batteries were
included and discussed for each of teealoped EMS strategies. Each of these approaches introduce
some limitations which also were explainBlaw if we want to compare the results in terms of the fuel
consumption index for these three scenarios with the case that SIR systemassideredor and the
engine needs to stay on and ,rihe following results are obtained which are demonstrated in
Figure3.22 andFigure3.23.
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Figure 3.22: Accumulated amount of the consumed fuel for the case of idled engine
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Figure 3.23: Accumulated amount of the consumed fuel for the case which the engine is off

and SIR system provides the auxiliary loads with required electrical power

The results sheing that employing our Deep Rhased EMS system results in a 9.34% improvement
in fuel consumption compared to the case the engine remains idled. Also the flat line in the fuel
consumption plot which corresponds to thesite operation of the vehicle shows that during this time

the engine can be completely turned off and all the reqelestirical power for the auxiliary loads is
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provided by the main and auxiliary batteries. Also it is worth mentioning that when the batteries are
connected together (or equally the battery isolator is closed), both of them are being charged by the
solar @nels or the shore power for the cases the vehicle engine is off and the alternator does not charge
them.

The developed Deep Rhased EMS haslso been tested with two other driving cycles for
comparison and to prove its capability for being used in @iffiedriving scenarios. The results show
that the developed system can be extended to other driving cycles without any modifiCagamesxt
sectionis dedicated to review the results from HWFET andBIDDS driving cycles and comparing
them through somedures.

3.7 Results for HWFET and HD-UDDS Driving Cycles

The developed intelligent Deep Riased EMS was tested with a combined idling state and FTP drive
cycle and the results were presented in the third chapter of this thesis. This appendix focuses on the
results from testing the developed EMS system for two other driving cycles, namely HWFET which is
for highway driving and HBJDDS which is specifically designed for high duty vehicles in urban
driving. The combined HWFET driving cycle is shownRigure3.24. It has two parking states at the
beginning and the end, two driving stages, angitsoperation.
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Figure 3.24: Combined HWFET driving cycle for a service vehicle
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Also the combined HRJDDS driving cycle can be found Figure3.25. It follows the sametates
with HD-UDDS drive cycle.

Combined HD-UDDS Drive Cycle
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Figure 3.25: Combined HD-UDDS driving cycle for a service vehicle

Testing the developed Deep Rased EMS with the HWFET driving cycle resultsdHigure 3.26
andFigure3.27 for the main battery analuxiliary battery respectively.
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Figure 3.26: Voltage, current, and SOC of the main battery for the Deep Ribased EMSin

HWEFET driving cycle

57



14

3 A A
|

12

11

m |

200

Battery Voltage (V)

100

0 | X 5 b l “ || “ I] I] I] I] IiL T 5 L'
-100

-200

=
-

Battery Current (A)

(o]
o

A‘/\v/\/\/\,/\//\ AN
. WV A4 N

N

0 1000 2000 3000 4000 5000 6000 7000 8000 9000 10000
Time (Sec)

[e)]
o

State of Charge (%)
~
o

Figure 3.27: Voltage, current, and SOC of theauxiliary battery for the Deep RL-based EMS in
HWEFET driving cycle

Also the battery isolator state (open or close) as well as the consumed fuel in grams is depicted i
Figure3.28 andFigure3.29.
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Figure 3.28: State of the battery isolator switch for the Deep Rtbased EMSin HWFET driving

cycle
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Figure 3.29: Accumulated amount of the consumed fuel for th®eep RL-based EMSin
HWFET driving cycle

For comparison, the figures relating to the main battery, auxiliary battery, battery isolator and
consumed fuel are demonstrated respectiveigure3.30, Figure3.31, Figure3.32, andFigure3.33
for the case of having the engine i dfortheDeepr what
RL-based EMS is 11.3% lower than the case with idled engine which shows a great performance.
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Figure 3.30: Voltage, current, and SOC of the main battery for thedled engine casén HWFET
driving cycle
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Figure 3.32: State of the battery isolator switch for theidled engine case in HWFET driving
cycle
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Figure 3.33: Accumulated amount of the consumed fuel for the case of idled engimeHWFET

driving cycle

Now if we want to test the developed Deep{Rased EMS with a driving cycle specific to the high
duty vehicles, the HRUDDS can help us through. The resulting figures for the main battery and
auxiliary battery are presented belowFigure3.34 andFigure3.35.
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Figure 3.35: Voltage, current, and SOC of theauxiliary battery for the Deep RL-based EMS in
HD-UDDS driving cycle

Also the battery isolator state and the consumed fuel in grams is depickéguie 3.36 and
Figure3.37 for the HDUDDS driving cycle.
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Figure 3.36: State of the battery isolator switch for the Deep Ribased EMS inHD-UDDS
driving cycle
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Figure 3.37: Accumulated amount of the consumed fuel foDeep RL-based EMSin HD-UDDS
driving cycle

The figures showing the results for main battery, auxiliary battery, battery isolator and consumed
fuel for the idled engine scenario are demonstrateBigure 3.38, Figure 3.39, Figure 3.40, and
Figure3.41for comparison. The fuel consumption has been improved by 18% by employing the Deep

RL-based EMS which shows great savings.
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Figure 3.38: Voltage, current, and SOC of the main battery for the idled engine case in HD
UDDS driving cycle
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Figure 3.39: Voltage, current, and SOC of theauxiliary battery for the idled engine case itHD-
UDDS driving cycle
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Figure 3.40: State of the battery isolator switch for theidled engine casén HD-UDDS driving
cycle
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Figure 3.41: Accumulated amount of the consumed fuel for the case of idled engineHD-
UDDS driving cycle

3.8 Summary

A brief review of the i mplemented SIR system on t
has been presented at the beginning of this chapterwhole idea of using a battery isolator switch

which controls whether the main and auxiliary batteries as well as their dependencies are connected or

not based on their voltage level is explained. This research aimed at replacing this battery separator

with a command triggered switch and developed three different EMS systems with different
architectures and supporting concepts. All of these approaches were elaborated on in this chapter and

the design process is also included for future efforts andamuehts. The intelligent Deep Riased

EMS strategy showed promising results and proved a 9.34% reduction in fuel consumption in the
72



simulations which is translated into GHG emissions reduction as well. Two other types of the EMS
scenarios which were dewgled in this research, namely Rblesed and Ribased also show good

results and can replace the voltage level controlled separator switch.

Putting all together clarifies that using the developed intelligent EMS strategy with the SIR system
can maximize tb fuel savings and GHG emissions reduction for the fleet service vehicles to a

reasonable extent.

Also it is worth highlighting that the adaptadd improved-Learning and Double DQN algorithms
to the control framework paves the way for utilizing thenotiner control problems with just a little
modifications regarding the problem parameters. Traimework adaptation and improvemean be
the theoretical contribution of this thesis to help the other researchers witbotiea! problems.
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Chapter 4

Data Acquisition

This chapter introduces the importance of data collection for this project and how the acquired data can
lead to improving the performance of the EMS and even better predicting the behavior of the
environment as well as the system.ekfthat the chapter explains different kind of data which is used

in this research anthe required sensors for measuring thdfarthermore, the previously installed

DAQ system is investigated and the reason for designing a new DAQ platform is statdlg, Fina
development process of the new DAQ system is presented and some enclosures are designed for
different parts of it in order to get prepared for installation on a vehicle. The development of this system
is originally adoptedrom [87].

4.1 Importance of Data Acquisition

This is a world which is governed by data nowadays. More and more researchers all over the world are
attracted to the Deep Learning approaches to solve various problems involving optimization, regression
or classification of some sort of daEven in engineering problems which require experimental results

and test scenarios having access to data for comparison or creating baselines seems necessary.

The intelligent EMS system designed for the vehicular SIR system has been trained based on the
simulation data and the driving cycle which were obtained from real world scenarios and dynamics of
the vehicle. The solar irradiance for this research is read from a lookup table which does not consider
various situations and follows a default scenahithough the developed system is working and the
results are showing improvement compared to an uncontrolled system, further data from sensors could
help improving different parts of the EMS system which were skipped because of lack of the data. If
we cancollect the data for different scenarios and various weather conditions which affect the

performance of solar panels, definitely a more accurate controller can be developed.

4.2 Required Data and Sensors

The pevious section elaborated on why we need to rmedke data and collect it in an organized way

so that we can make use of it for the purpose of understanding if the system is working well and
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improving its logic and behavior. This section will focus on the data we need to obtain from the SIR
system andhe vehicle itself, as well as the required components which measure or collect these data

for us.

One thing that we need to keep track of is the generated or consumed power which is represented in
Watts. Power is obtained from multiplying the current flogwhrough and the voltage amawm each
electrical componenfAs an instance the amount of generated power by solar panels can be calculated
from measuring the voltage and current after the solar charge controller. We also need to measure the
power commg out of the alternator to charge the main battery as well. This also requires some specific
voltage and current sensors. Each of these sensors are used for different parts of the system which have
their own level of voltage or current, along with othenitations. Hence, the sensors we choose should
meet the required working constraints in terms of acceptable voltage, current, working temperature,

size, and so on.

The following sections are dedicated to the design parameters and constraints we Hax@sfog ¢

the sensors required for types of data which are used in this research.

4.2.1 Voltage Sensors

Voltage sensor has to be used for measuring the voltage on terminals of the alternator, solar charge
controller, and loads. It needs to measure voltages aividccuratelybased on the simulationA.

voltage error of less than 1fdetecting at least 0.01V voltage differeniseufficient for this research.

Also because of the intensive weather conditions of Canada, the working temperatureeasye

cover T TOJO Y TOJ

4.2.2 Current Sensors

To calculate the consumed power at each component of the system, the data for the flowing current is
required as well. We need to measure the current flowing through the alternator, batteries, and loads. It
needs to measure currents betwesA and +50Awith an accuracy of at lea8t01A The working

temperature should be above ™Jas well.
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4.2.3 Temperature Sensors

To measure thambienttemperature and also the surface temperature of the solar panels, we need to
provide some specific temperature sensorschvidire able to correctly measure the temperature in
different weather conditions in Canada which can have harsh temper#tmesds to measure the
temperatures betweent ToJandy ™dJwith at leastig d accuracy.

4.2.4 Solar Irradiance Sensor

Solar irradance sensor is required to keep track of the times the solar panels installed on the vehicle
are getting the most bwf the sun energy. It should meastine irradiance of the sun in watts per

square meter{) for the range of 0 ~ 1508- with at least2.5% accuracyit needs to have the ability

of temperature compensation which ensures accuracy in different temper8gjreehg working
temperature for this sensor also needs to be abovadJ

4.3 Previously Installed DAQ System for Research

Previous parts illustrated the importance of collecting the data from different parts of the vehicle and
the SIR system for the purpose of enhancing the efficacy of developed intelligent EMS systems which
clearly benefit from data. Also some of the reqdiidata and types of sensors to measure them are
introduced and the operating conditions are briefly presented.

This project is launched on 2015, and its system design goes back to 2016. The main market for this
system is supposed to be in service vehidelspol buses, ambulances, recreational vehicles, etc. The
first generation of the SIR system is installed on two service vehicles in the City of Waterloo between
January 2017 and June 2017. At that time arthashelf DAQ system was chosen for this pij
which had lots of capabilities. Its tremendous features make it the best choice for research purposes.
Later in the progress of the research the necessity of designing and development of a customized and
costeffective DAQ system was figured out. Tlapproach comes from the fact that for commercial
use of the SIR system which requires affordability as a key factor, the prices should stay reasonable.
This part gives some facts and details about the previously installed data acquisition platform and its
components as well as some data collected from the measurements and some artabjsisf Ahe
pricesis also presented in the next section as a reference for comparison with the newly developed

DAQ system.
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Figure4.1 depicts National Instruments CompactRIO (NI cFRa@81) with the required additional
blocks which makes it a perfect DAQ system and controller platfornulltats and save the data
from the SIR systeraensors, battery monitoring system, and solar charge conttbller want to be
more precise, this device is an embedded controller which features-préigldmmable gate array
(FPGA) and a redime processor which works with Linux. It provides las fully functional
connectivity ports, and has an extended operating temperatQreo(70J9) which makes it suitable

for the intense weather conditions of Canada. It can be programmed using LabVIEW$9.GA |

e )
A3

i
5
ol

Figure 4.1: National Instruments cRIO-9031 DAQ+Controller system

Tohave control on the vehicle and communicate with it, we need to employ a communication method
with the car. Controller Area Network (CAN) bus communication is a protocol on which the
CompactRIO communicates with the vehicle. cPRI@B1 requires a CAN Intixce Module for the
purpose of this communication. National Instruments also providé&8B8 module which utilizes
CAN interface for the system. It is capable of creating applications that requitemealind high speed
CAN signals Figure4.2 shows N#9853 separately which is featuring two CAN ports.
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Figure 4.2: National Instruments NI-9853 CAN Interface module

Three other modules are also shownFigure4.1 attached to the cRKO031. NF9203 is a current
input module which has programmable input ranges andibuilbise cancéation. It measures input
current signals betwee24 mA to 24 mA. NH9221 and N9201 are voltage input modules which
measure input voltage signals betwegd V to 60 V, and10 V to 10 V respectively. These modules
also feature isolation and overcurrenbtection.
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The DAQ system has also another part which plays role when it comes to reading the vehicle related
data such as vehicle speed, engine information, fuel consumption, etc. FleetCarma C2 is a device which
is connected to the dmoard diagnosticport (OBD) which is regularly located deft of the steering
wheel and underneath the vehicle dashboard. This device has been used for the SIR project and is
supposed to collect the aforementioned data from vehicle internal sys®msA[ picture of
FleeCarma C2 and the OBD port of the vehicle is depictdegnre4.3.

Figure 4.3: The OBD port of a vehicle at the left, and thd-leetCarma C2 deviceat the right side

Another component of the DAQ systema high precision battery monitor which takes care of
computing the state of charge on the auxiliary battery and consumed ampere hours by integrating the
current flow of the battery. It also demonstrates the voltage of the battery on its small scréein. For
system a Victron EnergyBlue Power BMV 700 Battery Monitor has been utilized which comes with
a shunt current sensor investigating the current flowitgand out of the batterfigure 4.4 shows
this componentd1]. Also for harvesting the energy of sun by the solar panels and directing it into the
battery, a BlueSolar Charge Controller MPPT 100 | 30 by Victron Energy is used which is depicted in
Figure4.5[92].
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Figure 4.4: Victron Energy Blue Power BMV 700 battery nonitor system
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Figure 4.5: Victron Energy BlueSolar ChargeController MPPT 100 | 30

To measure the required data there is an unassailable need to have the sensors which fit the
applications and environmental limitations. Some of these sensor®ltagevand current sensors
which are mandated for different parts of the system. Also surface and ambient temperature sensors are
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required for studying their effects on the performance of the system for the future steps. A solar
irradiance sensor is inskadl besides solar panels to measure the available irradiance of the sun as well.
Figure 4.6 is showing some of these sensors while a comprehensive plan of the DA@ &yste
demonstrated ifrigure4.7 that is provided by previous research group members collaborating in this

project.

Figure 4.6: Some sensors used in the previously installed SIR system. From top left to bottom
right: Current sensor (Hall Effect), Irradiance sensor, Ambient Temperature sensor, Surface

Temperature sensor
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Figure 4.7: A comprehensive plan of the previously installed DAQ system for the SIR system

For the purpose of data collection and analysis the-ipuilabVIEW FPGA program has been used
which Figure 4.8 illustrates the graphical interface of it. This graphical interface and the programming

of the system for collecting the data is done by the previous colleagues working on this project.

Solar Side Battery Side Alternator Side Aux. Load
Battery Voltage (V) Altenator Voltage (V) Load Current (A)
10.00 0.00 ‘ 0.00
Battery Charge/Discharge Current (A) Alternator Current (A)
0.00 0.00
Control
Main-Aux Bat C t (A
Module Surface Temp (C) B’attery S0¢ (%) o.iz Ak el ey Q)
000 {100 ; Write Data
Ambient Temp (C)
0.00
Shore Power Eop
PV Voltage (V]
0.00 Shore Power Current (A) STOP
PV Current (A) 0.00
0.00

Figure 4.8: Graphical interface of LabVIEW FPGA used for collecting data from NI cRIO-9031
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4.4 Development of New DAQ Platform

The previous sectioglaborated on the previously installed SIR system and its dates#icey strategy.

It was designed and implemented mainly for the purpose of research which requires lots of data for
future use. The problem with the existing DAQ system is that it is intensively expensive in a way that
cannot be used commercially and slomt introduce any benefits even in long term utilization. The
best way taeducethe costss by designing a new DAQ system which only provides the mandatory
information. This section mainly focuses on the necessity of a neveffestive DAQ system through
comparison of the costs and the tradiebetween having a perfect and expensive DAQ andralont

system, and a simpler gealiented coseffective one.

Table4.2 shows the costs for providing each vehicle with the previous DAQ system briefly. It is
obviously ading up to more tha$il1,500which is not reasonable at all for commercial installation.
The main cause for such a high price is using the National Instruments DAQ system anebits add
blocks. This device works really well for research purposes butlintes a high price to the system.
Consequently the main focus of the new design would be on replacing NHaRIDand its addn

components.

Table 4.1: Estimated prices of the previously installed DAQ system

Component Price Component Price
NI cRIO-9031 $6,285 BMV-700 $246
NI-9853 $2,060 Hall Effect current sensor ~ $100
NI-9203 $865 Irradiance sensor ~ $300
NI-9221 $935 Ambient temperature sensor ~ $50
NI-9201 $665 Surface temperature sensor ~ $30

4.4.1 Central Processing Unit

As it is discussed earlier, NI cRIED31 features an FPGA along with an ARM processor which provide

the ability of designing the required circuit using LabVIEW FPGA as a&la perfect calculation

power The process of reading ddtam sensors and creating a log file of them is not a sophisticated

task which requires high calculation power and the capability of designing complicated electrical
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circuits which FPGA can provide. The whole process can be done in a more compact -amnie gieal

way using an application specific integrated cir¢aBIC) microcontroller

Pursuing the above assumptions, and considering the fact that the processing unit should be able to
support more I/O ports for possible future usage, a Raspberry Pi@J¥y a Broadcom BCM2873B0
processor chip is chose®d. This processor is designed based on thBiBARM architecture, and its
ARM cores are able to run at up to 1.4GHz. BCM2873B0 is a-qgassl ARM CortexA53 which is
depicted a Figure4.9.

Raspberry Pi 3 Model B+
@ Raspberry Pi 2017

MR

-
=
=
=

fem sl

Figure 4.9: The processor used for a Raspberry Pi 3 B+

Raspberry Pi 3 model B+ has been used as the central board for connecting the sensors and storing
the acquired daté&igure4.10 shows a picture of it. As it is mentied above the thinking brain of this
embedded system is the BCM2873B0 microprocessor which enables the system to interact with lots of
useful interfaces. It has 4 USB 2.0 ports connected through a hub to the microprocessor, HDMI port,
SPI interface, and 4@eneral purpose input/output (GPIO) pins which is amazing. These pins can be

used desirably and are capable of working with digital signals.
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Figure 4.10: A Raspberry Pi model 3 B+

A Raspberry Pi 3 mod@+ itself can be bought for a price as low as $46, and if comes along with a
starter kit it is not more than $90. This amount is by far cheaper than the NBéRIDand we show
that surprisingly this system does the required job. The only thing wemeedsdider here is that most
of the available sensors provide an analog output. Therefore, in order to read the data from them in
specified time frames, we need to convert their analog output to appropriate digital signals for working
with GPIO pins. To dtieve this goal, an analog to digital converter (ADC) system is required. There
are multiple choices for an ADC system which is compatible with the Raspberry Pi GPIO pins.

Table4.2 lists some of the studied converter systems which are exclusively designed to be used with a

Raspberry Pi.

Table 4.2: Some off the shelf ADC boards studied for this research

AD/DA Expansion Board

ADC Name Features Price
Phidgets Sensor Interface Kit 8/8/ 8 analog inputs, 8 digital output, and USB outg $102.5
8 Channel 1&it Analog to Digital _ _ _
_ _ Designed for Raspberry Ripntrol via 12C port of]
Differential Converter for _ $30.5
_ RaspberryPi
Raspberry Pi
ExpansiorHAT for Raspberry Pi Designed for Raspberry Pi $43.9
Raspberry Pi HigliPrecision
poerty P Designed for Raspberry Pi $35.8
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Among all of the options mentioned above, a Raspberry PiPlighision AD/DA Expansion Board
by Waveshare Design is chosen because of its great performance and precision, as well as simplicity
of working with rich documentation. It is also capable of tdigio analog signal conversion (DAC)
which can be used for controlling the sensors or any type of analog actuators using the Raspberry
Pi for future work and further development of the systEigure 4.11 [94] graphs this $35 ADC
expansion board. It has an onboard ADS1256 chip with 8 channels which works on converting analog
signals to a digital form. It also features a DAC8532 with 2 channels which doesm¥yersion the

other way and changes digital signal into analog output when required.

Figure 4.11: A High-Precision AD/DA Expansion Board acting as an ADC for the Raspberry Pi

An ADC expansion board attaed to the Raspberry Pi board is what we have considered for the
purpose of data reading and storage. Now if we know which type of sensors we need and where to put
them in the vehicle, we can find some reasonable sensors with specifications that fitathe da
measurement and environmental requirements. A simple sketch of the data measurement and collection
system is sketched ifigure4.12. Based on this simple sketch weed to provide two sets of voltage
and current sensors for measuring voltage and current from the PV and alternator sides, and also provide
an ambient temperature sensor. The voltage and current in the load side will be determined via
calculation such thahe summation of the current in the battery node becomes zero according to the

Kirchhof f’' s CuAlsousimgthe stuamatian &f €oltdges in the loops we can find out the
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amount of voltage for the load usikgi r c hhof f ' s V oThis éatg thenlcan e usad YoL )

calculate the amount of power at each part.

T

I
Alternator
)

Figure 4.12: A simple overview of the required data measurement points

It was decided to removéne irradiance sensand surface tempature sensorfrom the next
generations for the commercial installation of the SIR system. It is because the data from them are of a
higher level which are not required for the immediate data the driver or the fleet managers need.
Omitting these sensorsngplifies the system even more and reduces the cost of the whole system.

Following subsections are included to address the sensor selection for the new DAQ system.

4.4.2 Voltage Sensor

The necessity of having at least two voltage sensors is explained eanlitie Few DAQ system a
Phidgets 1135 Precision Voltage Sensor has been bought which meets the requirements for voltage
measurement we discussed earlier in section 2 of the chapter. It connects to the ADC expansion board
using 3 pins and is powered on by tRaspberry Pi and measures voltages betvdfanto +30V and

works between 1 ™0Jand  uv0J It only costs $25 and can be seeFigure4.13[95].
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Figure 4.13: A Phidgets 1135 Precision Voltageensor

4.4.3 Current Sensor

To calculate the power flow at each part of the system, we odeale at least two current sensors as
well. Gravity 50A Current Sensor by DFRobot, featuring a Hall Effect based linear ACS758 chip is the
chosen sensor for the new DAQ system which costs $21. It is capable of working in betwegh

to p v @ dnd its sensitivity is 40 mV/A while measuring 50A curréfigure4.14[96] depicts this
current sensor.

Figure 4.14: A Gravity 50A Current Sensor by DFRobot
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4.4.4 Ambient Temperature Sensor
Another sensor which is required for the purpose of data acquisition is the ambient temperature sensor.
A DHT22 Temperature and Humidity Sensor by DFRobot which is capable of measuaringJto

Y ™0Js selected. This sensor can be bought for just $9 and is shéiguie4.15[97].

Figure 4.15: DHT Temperature and Humidity sensor by DFRobot

The Raspberry Pi with the ADC expansion board, and one current and voltage sensor mounted on it
is depicted inFigure4.16. The hardware configuration and the procedure of correctly mounting the
sensors and connecting their wires to the ADC expansion board can be f@@did[i®8]. Therefore,

the configuration is not explained in detail here.

The complete system costs Iésan $230 which is way lower than the previously researignted
DAQ system with a$11,500price. It does the required job for the commercial use with a data logging
code which is written in Python for the Raspberry Pi. Next subsection elaborateslatattogiger and

the calibration of sensors.
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Figure 4.16. The new DAQ system consisting of the Raspberry Pi board, ADC board, and two

sensors (voltage and current sensors)

4.4.5 Writing Data Logger and Calibration

To read the data from the sensors and store them in a log file we need to develop a program on the
Raspberry Pi which reads data from GPIOs at a certain time. When the program asks for accessing the
data on the GPIO pins, the digital data which is eoted from the analog sensor outputs by the ADC

expansion board, can be collected and stored in a log file. This can happen whenever the program asks

for it and is limited by the sampling frequency of the sensors.

The data logger program uses a C libraxgis(Ll256) which is provided for the Texas Instruments
ADS1256 chip and can be found 8¥]. This library introduces the ADS1256 chip to the Raspbian OS
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on the Raspberry Pi and make it usable. After installing the library and its requirements, it can be

imported and then the data logger code is developed based on that using Python language.

At the first step, the “sample per second” (SP¢
gain value is 1). Then the value for each of the 8 channels i® detbefore starting the data
measurement. The ads1256 | ibrary has a “start” f
the gain and SPS parameté&s€ommaseparated values (CSV) file is then created which is responsible
for storing the datanidifferent rows for each time the data logger is used. The frequency of reading the
data is determined by the SPS parameter. After opening the log file (our .csv file) in the program, a
forever loop (‘while True’) $(() deffumetdi o m rwdadah
sensors almost simultaneously. The read data is printed out and then written into the log file in a row,
and the forever loop does the commands iteratively. The program continues reading the data unless the
“st op” isfcalledd-igured.hi7 depicts the voltage measurement process and some samples of it
while the code is running for an SPS of 25.

0.00 mA

Set [E00000 v
#-Lim [ 3.06000 |a) {5

o 0.0 mV
0.00 mA

Set | 0.00000 |V

l. +-Lim [ 306000 |A%
sl 2
SLAN

L

Figure 4.17: Comparing the actual voltage with measured data from the voltage sensor for

calibration

To calibrate the sensors and get meaningful data from them which is assigned to a certain amount of
voltage, current, or temperatun@e need to use some precise devices which generate the reference
voltage, current, and temperature for us. These calibrations are done in the lab environment. Just for
including an examplerigure4.18 shows the plot which maps the measured voltage to actual voltage

values. This shows that:
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Figure 4.18: Mapping the measured voltages to actual voltage values for calibration of the

voltage sensor

4.5 Designing Enclosures

After finalizing the design of the new DAQ system and implementation of it, the calibration part is also
done and the system is ready to be utilizEdl.install different parts of the DAQ system into the
designated areas of service vehicles, they need to have suitable enclosures minimizing the risk of

electrical shock and protecting them against being hit by other parts.

This section is dedicated to thepess of designing electrical enclosures using SolidWorks software.
SolidWorks is a solid modeling compu@ded design and engineering program which helps
developing 3D mechanical models from 2D designs and creatgsi®ing compatible design files.

This software has the capability of handling sophisticated designs and modeling, however, is used in a
simple way to provide enclosures for the developed DAQ system along with the required sensors.

Enclosure designs for each componentaaréllows
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4.5.1 Raspberry Pi and ADC Expansion Board

A quite large enclosure is required for inserting the Raspberry Pi board with the ADC Expansion Board
mounted on. This enclosure needs sdraacheswvorking as a ventilation system preventing the ICs
from getting too hot. Ao it requires somigolesfor wiring and cablesrigure4.19 depicts a suggested

design.

Figure 4.19: Enclosure for Raspberry Pi and ADC expansion board

4.5.2 Current Sensors

For the selected current senswe need to have a perfect fit enclosure and also consider the ventilation
trenchesas well. This is because the current flowing through the cables can make the IC of the sensor
really hot. Also the enclosure needs to provide some holes for the sagasectangular hole for the

data port. The designed enclosure is showfigare4.20.
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Figure 4.20: Enclosurefor Current Sensor

4.5.3 Voltage Sensors

The voltage sensor selected for the DAQ system does not have any kind of ICs on it and therefore does
not require ventilatiotrenches The only thing this enclosure requires is the screw holes and some
trenchedor thedata port and the cables connecting to the positive and negative terkigale4.21

demonstrates the designed enclosure.

O -

Figure 4.21: Enclosure for Voltage Sensors
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4.5.4 Temperature Sensor

The ambient temperature sensor has to be directly exposed to the environment. Thus, a closing lid is
not considered for that and also some trenches on the side walhaideced. Some holes for screws

as well as a trench for the data port are considered in the dEgjgne 4.22 depicts the designed
enclosure.

Figure 4.22: Enclosure for Temperature Sensor

4.6 Summary

This chapter revealed the importance of collecting the data and the required components for
measurement and data acquisition to us in the beginning. Types of the meatatedd used for this

goal as well as the required sensors are investigatedhe previously installed SIR systems on the
service trucks of the City of Waterloo a combination of voltage, current, temperature, and irradiance
sensors are utilized. Thext section in this chapter attempted to briefly go over the previously used

DAQ system and its various components which are used for the purpose of research and are really
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sophisticated and expensive, although they provide lots of interesting dataldy high rate. All of

these aroused the idea of a new @ffdctive DAQ system development which has been addressed in

t he next parts among this chapter. This new syst
presented in this chapter. The last imgctincluded design of some electrical enclosures for the

developed system and its sensors which is mandatory when it comes to installing the new DAQ system

for the next generation of the SHhabled vehicles.
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Chapter 5

Conclusions and Future Work

This thesis has aimed at finding a solution to the problem of developing an intelligent energy
management strategy for the previously implemented vehicular solar idle reduction system of the
service vehicles which lacked a good controller. Another proldénhe system which has been
addressed in this research is related to its expensive and sophisticated DAQ system which made total
price of the system too high for commercial installation. This research attempted to present solutions

for the introduced prdbms and this thesis was then organized as follows to argue for that.

Chapter 1 presented a brief introduction on what the problem is about and drew an overview of the
whole system. Chapter 2 was trying to cover the required background for coming upevgtblilem
statement and reviewed the existing literature concerned with the GHG emissions reduction, idling
reduction technologies, EMS systems for various usages, especially vehicles, different machine
learning approaches with a focus on RL &ekpRL methods which are mostly used for designing
EMS systems, and the DAQ systems. Chapter 3 focused on the main part of this research which was
developing a variety of EMS strategies to control the electrical power flow between the main and
auxiliary batteriess well as the connected components to their busbars. Three different EMS strategies
were developed and the results were presented to compare with a vehicle without SIR system. Chapter
4 attempted to address the second problem with the previously impéem8mR systems which
involved a costly DAQ system. A new caxffective system for measuring and storing the sensor data

was developed and explained in this chapter to solve this issue.

5.1 Summary of Contributions

First of all the required background for providing the required mindset regarding performing the
research was obtained and bolstered. Lots of time was dedicated to looking through the available
literature about the GHG emissions, idling reduction techmedogMS strategies, and DAQ systems.

A huge portion of the time allocated for this research pertained to learning new ideas and how to work
with different platforms. This research mandated working with Linux Ubuntu, Raspbian, and Windows

operating systemsAlso it was required to write the codes in MATLAB, Python and its different
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dependencies, and also use the Linux Terminal and Windows Command Line. The process of
connecting Simulink and Python through UDP communication was another challenging part of th
research which needed lots of efforts. Also some efforts has been made to learn how to run the programs
on super computers provided by Compute Canada and Sharcnet. The practical part of the project
regarding designing and implementation of the -efdive DAQ system also required lots of
knowledge about the sensors, embedded systems, writing code for data logging, calibration, and using
Solidworks software for designing the enclosures.

My contribution to this research in addition to the time speneaming the skills which were not
utilized by any of our research group membemsviouslyincludes but is not limited to:

1. Providing a rich background review and studying the literature about the global warming issues,
GHG emissions and the establishedge$ pertaining to limit it, transportation emissions and
idling state of vehicles and the existing technologies to reduce that, different energy management
strategies and controllers used in vehicles, background on RReepERL methods, and DAQ

systemsand required sensors.

2. Developing three different EMS systems with various approaches in order to replace the battery
isolator voltageenabled switch with a command controlled switch. Fhdsed controller is
devel oped with s ome intoiaSithulink fumctioh hlocko Rlbssed EMS e gr at e d
is designed through writing a code for training d.€arning agent which produces a lookup
table of Qvalues. The state of the switch is controlled using the lookup table and discretized
battery SOCs in this appach. The third and most intelligent EMS strategy pertains to Deep RL
based controller which resolved the issues ofldked EMS system with size of the data and
used continuous state space which covers the whole range of battery SOCs and not just some
data points of it.In terms of theoretical contributions to this part, th&&arning and Double
DQON framewaorks which are widely used in games and trial and error tasks were adapted to the
intelligent EMS development and controller designing with tremendtopsovements. The
developed frameworks can be utilized for various control tasks through changing the required
parameters pertaining to each control problétso the resultgor this researciproved that the
intelligent EMS helps the vehicular SIR systewer the fuel consumption and reduce GHG

emissions.

3. Designing and development of a new eef$ective goaloriented DAQ system which measures

and stores the sensor data at the desired sampling freqdeneytensive study about different
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types of data ahrequired sensors was done and the best choices for this part of the research
were investigatedill of the components used for this purpose were bought off the shelf and had
a reasonable price. A code for reading the data from connected sensors hasttegewhich
collects the data on the SD card memory mounted on the Raspberry PifA3\Rtiety of
programming skills and some tricks for defining the hardware and software relationship were
employed for this purposeAlso the developed system keeps twad open for further
development and using Bluetooth data or data from CAN bus of the vehicle. The required
electrical enclosures were also designed in order to keep the main board and sensors safe.

All of the aforementioned contributions make the veldc@IR project a promising solution for the
fleet service vehicles with reasonable roof top surface which can be used for flexible solar panels
installation. This research helps them save money on the fuel consumption and also meet the GHG

emissions reduin regulations.

5.2 Future Work

This research can be further extended in a variety of directions. The first step can be modification of
the vehicle dynamics model and also improving the solar panels, and batteries models. A more accurate
model can make thensulation results more analogous to experimental data which is collected from

vehicles.

Another potential way is to work on the Deep-Based EMS algorithm and trying to improve its
network configuration based on the state of theDagpRL algorithms. Agood scenario would be
controlling the whole system together and not only the power flow between the batteries. This requires
a continuous action space and a high fidelity model of the vehicle with sophisticated dynamics of the
vehicle. Another approach farther improve this research is to compare its results with other types of

optimal controllers such as model predictive controllers (MPC).

One alternative for the developed DAQ system can be replacing it with FPGA based embedded
systems and developingethelectrical board from scratch which helps minimizing the costs and

improves the controllability and customizability of the board.
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