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Abstract

This thesis as a part of the University of Alberta Energy Management and Sustainable
Operations (EMSO) program aims to design an intelligent management tool for the
University of Alberta fleet vehicles to achieve the fuel consumption reduction, and
driver behavior improvement. To achieve this goal, developing the fleet vehicles’
driving cycles is essential. The driving cycle is affected by factors such as vehicle
application, driving area, etc. This thesis divided the fleet vehicles into four categories
according to the vehicle applications and developed distinctive driving cycles for each
category.

This study used Freematics one + OBD data loggers to collect real-world driving
data of vehicles. The collected data are divided into Microtrips, which are trips be-
tween two consecutive times when the vehicle speed is zero. Multiple driving scenarios
are generated by using an unsupervised clustering algorithm to classify Microtrips.
Driving cycles for different vehicle categories are generated by combining data from
different driving scenarios.

The results show that different vehicle categories have different driving cycle char-
acteristics. Those vehicles running in the campus area (such as utility and trade,
shuttle minibus, and University of Alberta police services category vehicles) have a
low average velocity which are in the range of 17.5 km/h to 24.6 km/h. In con-
trast, the average operating velocity for highway-running vehicles, like casual rental
category vehicles, is 51.9 km/h. The University of Alberta police services category
vehicles have the largest ratio of idle time in the driving cycle which is 41.1 %, but

other category vehicles’ idle time ratio to the driving cycle are in the range of 17.0 %
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to 27.4 %.

Driver behavior, especially driver aggressiveness, directly affects a vehicle’s fuel
consumption (FC). Two shuttle minibuses and one Ford Escape Plug-In Hybrid Elec-
tric Vehicle (PHEV) with three fixed drivers were selected to do the test. The driving
route was fixed and the vehicle model between shuttle minibuses was identical. The
collected data was then used to develop and assess driving aggressiveness (DA). Differ-
ent from the traditional statistical analysis method, this thesis adopts the frequency
domain analysis method to analyze DA and apply a quantitative DA evaluation met-
ric. According to the frequency of occurrence of driving data in different driving
situations, revised average fuel consumption (RAFC) was used to analyze the effect
of DA on FC.

The results show that DA can have adverse impact on certain driving scenarios.
The bigger the DA value the greater the average fuel consumption, but the RAFC
value may be different. When the DA value is close to 1, the driver drives more
aggressively and causes more fuel consumption. On the contrary, when DA is close to
0, the driver drives smoothly and consumes less fuel. To reduce driver aggressiveness
and achieve economic driving with low fuel consumption, future research may focus
on driver training programs for key driving scenarios including urban driving scenario

and highway driving scenario.
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Chapter 1

Introduction

1.1 Motivation

Faced with rising greenhouse gas (GHG) emissions, Canada has an ambitious plans
to achieve a GHG reduction target of 40% below 2005 levels by 2030 and net zero
emissions by 2050, to improve the environment [1]. The Energy Management and Sus-
tainable Operations (EMSO) program at University of Alberta aims to achieve 66K
tonnes fewer GHG emissions/year [2]. The EMSO program has continued and con-
sists of sixteen sub-projects, including eet management, light-emitting diode (LED)
equipment renewal, solar energy utilization, and ventilation and heating equipment
renewal [2]. Due to the diversity and complexity of its content, EMSO projects are
completed by di erent departments and teams.

Our team was responsible for intelligent eet management at the University of Al-
berta (hereby called UAlberta eet vehicles). The overall goal of our team included
UAlberta representative driving cycle development categorized for vehicle applica-
tions, eco-driving analysis of the vehicle collected data based on driving behaviors,
reducing the UAlberta eet operational cost by minimizing fuel/energy consumption,
and developing an emission inventory,

Figure 1.1 shows the key research aspects of the e ort for creating an intelligent
management tool for the University of Alberta eet vehicles. The work in this thesis

mainly centres on two parts: i) driving cycle identi cation for each UAlberta eet



application. These driving cycles can be used for assessing fuel consumption and
emission from the university vehicles, and also creating a renewal plan for university
eet vehicles to select optimum vehicle type for each vehicle application, ii) driver
behaviour analysis which illustrates the extent of extra fuel consumption by aggressive

driving behavior.

Figure 1.1: Research aspects of developing an intelligent eet management system for
UAlberta eet vehicles as a part of the energy management and sustainable operations
(ESMO) program at the university

1.2 Background

The existing UAlberta eet vehicles include 172 vehicles with ve di erent vehicle
types, as listed in Table 1.1. UAlberta eet vehicles include 150 trucks and vans,
and those trucks and vans have engine sizes ranging from 3 liters to 7.6 liters. Using
Table 1.1 data, the eet estimated annual fuel consumption is over 205,000 liters

which leads to about 564,291 kg CO2 greenhouse gas (GHG) emissions based on



Canada Clean Fuel Standard [3]. The estimated operational cost of the UAlberta
eet vehicles is about$530K annually.

The estimated fuel consumption of the UAlberta eet is shown in Figure 1.2. This
is calculated based on the UAlberta eet data in 2019-2020 scal year to determine
an average mileage for each vehicle type of the eet. The data in Figure 1.2 shows
an estimated fuel consumption of 205,388 liters for the whole eet. 165 of the eet
vehicles run with gasoline fuels and the remaining 7 vehicles (1 bus, 6 trucks) run with
diesel fuel. Considering Edmonton's average fuel price $f.1/liter for gasoline and
$1.15/liter for diesel during 2019-2020 scal year [4, 5], the estimated fuel cost for the
UAlberta eet will be about $226,000. The estimated eet fuel cost d226,000 shows
about 42% of the eet operational cost is spent on fuel. The remaining operational
costs include i) engine oil, brake uid, automatic transmission uid, oil lters, etc.,

i) UAlberta labour cost for repairs and maintenance, iii) outside university contract
work (e.g., wheel alignment), iv) replacement parts (e.g., wipers, bulbs), v) decals,
and vi) overhead (admin time). By optimizing and minimizing the size of the eet,
the operational and maintenance cost of the eet should decrease.

The vehicle types are varied, so that the speed pro le, time duration, and fuel
consumption are di erent. That is the reason why driving cycles for di erent vehicle
applications should be analyzed. Additionally, di erent driving styles, especially ag-
gressive driving, can cause excessive fuel consumption. Analyzing drivers' aggressive
behavior can help the eet manager to develop training program for drivers and also

assign eet vehicles to drivers by consider driving aggressiveness.

1.3 Driving Cycle

A vehicle driving cycle is the vehicle speed pro le versus time for a certain type of
vehicle in a speci ed environment. Drive cycles are developed by di erent countries
and organizations to evaluate vehicle performance in various ways, such as fuel con-

sumption, electric vehicle (EV) autonomy, and tailpipe emissions. Another use for
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Table 1.1: University of Alberta eet vehicle types, fuel consumption rate, and average
annual travel distances

Vehicle Number of Fuel Con- Average

Type Vehicles sumption Travel
[L/200 km] [km/year]

[6]

Sedans 12 6.0 8830
SUVs 6 11.8 10930
Trucks 73 14.3 9244
Vans 79 18.4 4249
Buses 2 47.0 7472

Figure 1.2: Estimated annual total fuel consumption for each vehicle type for the
UAlberta eet vehicles using the data from Table 1.1

the driving cycle is vehicle simulation. Driving cycles are used in propulsion system
simulations to predict the performance of internal combustion engines, transmissions,
electric drive systems, batteries, fuel cell systems, and similar components [7{9].
The relationship between the driving cycle and fuel consumption/emissions is that
the driving cycle can signi cantly a ect how much fuel a vehicle consumes and how
much emission the vehicle produces. This is because di erent driving cycles can lead
to di erent patterns of acceleration, deceleration, and idling, which can a ect the
e ciency of the engine and the amount of pollutants emitted [10]. For example, a

driving cycle that involves frequent stops and starts with a lot of idling time can



increase fuel consumption and emissions, as the engine is required to work harder to
accelerate from a standstill and run longer to keep the vehicle running while idling. On
the other hand, a driving cycle that involves more steady-state driving at a constant
speed can be more fuel-e cient and produce less emissions

A driving cycle can also be used to estimate driving style. The number of vehicles'
starts and stops in a driving cycle re ects at the driver's driving style. A driver
with more start-stop actions will cause more emissions [11]. The driving range of
electric vehicles is obtained based on driving cycles. In addition, driving cycles can
also be used to estimate the charge of state of EVs [12]. The owchart in Figure 1.3

summarizes di erent applications of driving cycle.

Figure 1.3: Di erent applications of driving cycles

Di erent driving cycles can be used to test the fuel e ciency and emissions perfor-
mance of vehicles under di erent driving conditions. Driving cycles can also be used
to compare the performance of di erent vehicles. There are three most commonly
used driving cycle categories, shown in Figure 1.4 and Figure 1.5, and they include (i)
United States Environmental Protection Agency (EPA) Vehicle Chassis Dynamome-

ter Driving Schedules (DDS), (ii) Economic Commission for Europe Dynamometer
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Operating Cycles, and (iii) Driving schedules speci ed in Japanese Technical Stan-
dards [13].

Figure 1.4 shows the DDS driving cycle category [13]. In Figure 1.4, Figure 1.4ais
the EPA urban dynamometer driving cycle, Figure 1.4b is the New York city driving
cycle (NYCC), Figure 1.4c is the US06 which is a high acceleration aggressive driving
cycle, Figure 1.4d is the LA-92 driving cycle for Class 3 Heavy-Duty vehicles, Fig-
ure 1.4e is the federal test procedure motorcycle 1-B driving cycle, and Figure 1.4f is
the federal test procedure driving cycle. DDS driving cycle category mainly consists
of driving cycles for urban and highway driving scenarios. According to the appli-
cations of the vehicle and tra ¢ conditions, a variety of driving cycles in urban and
highway driving scenarios have been developed. For example, LA-92 is the driving
cycle developed for heavy duty vehicles and NYCC is the driving cycle that features
low-speed stop-and-go tra ¢ conditions.

Figure 1.5 shows the Economic Commission for Europe Dynamometer Operating
Cycles, and Driving schedules speci ed in Japanese Technical Standards driving cycle
category [13]. In Figure 1.5, Figure 1.5a is the part 1 UN/ECE elementary urban
driving cycle, Figure 1.5b is the part 2 UN/ECE elementary urban driving cycle,
Figure 1.5c is the UN/ECE urban driving cycle for low-powered vehicles, Figure 1.5d
is the Japanese 10 mode driving cycle, and Figure 1.5e is the Japanese 15 mode
driving cycle.

None of above driving cycles, including US EPA driving cycles, EU driving cycles,
and Japan driving cycles, can represent UAlberta eet vehicles because UAlberta eet
vehicles are mainly running in campus area where the vehicle speed limit is 30 km/h.
In addition, campus area is more crowded, so vehicles need to have frequent stop-
starts. Based on the vehicle operating characteristics, this thesis aims to generate
driving cycles for UAlberta eet vehicles.

There are substantial research conducted to develop location-speci ¢ driving cycles.

Uditha et al. [14] developed representative and economical driving cycles for a given



(a) EPA urban dynamometer driving cycl (b) New York city driving cycle

(c) USO06 driving cycle (d) LA-92 driving cycle

(e) Federal test procedure 1-B driving cycle  (f) Federal test procedure driving cycle

Figure 1.4: The US environmental protection agency driving cycles for emission stan-
dards

geographic location. Uditha pointed out that the driving cycle can be considered one

of the main models for estimating emission inventories. It can be used for various
purposes, such as setting emission standards, for tra ¢ management purposes, or to
determine travel times. Uditha also pointed out that when the driving cycle devel-
opment is in its infancy, the basic parameters commonly used in many countries can
be used for cycle evaluation. Commonly used parameters are: average speed, average

running speed, average acceleration, average deceleration, percent idling, percent ac-
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(a) Part 1 UN/ECE elementary urban driv-  (b) Part 2 UN/ECE elementary urban driv-
ing cycle ing cycle

(c) UN/ECE urban driving cycle for low-
powered vehicles (d) Japanese 10 mode driving cycle

(e) Japanese 15 mode driving cycle

Figure 1.5: EU and Japan driving cycles

celeration, percent deceleration, percent cruise, route mean square acceleration and
positive kinetic energy (PKE).

Arvind et al. [15] expanded the range of parameters for evaluating driving cycles.
They used Average Velocity, Maximum Velocity, Average Acceleration, Maximum ac-
celeration, Time share of acceleration, Average Deceleration, Maximum Deceleration,

Time share of Deceleration, and Time share of Idle parameters to assess the gener-



ated driving cycle. The generated driving cycle needs a method to judge whether it
can represent driving behavior or not. Route mean square (RMS) algorithm is com-
monly used to validate the generated driving cycles. The common parameters used in
driving cycles' RMS include average speed, average running speed, average accelera-
tion, average deceleration, percent idling, percent acceleration, percent deceleration,
percent cruise, and so on [16]. However, those parameters not as equally important.
Therefor, to design weight for each parameter to use the RMS algorithm is necessary
[16].

Driving cycle analysis can be simpli ed by classifying experimental data to generate
driving scenarios. Jean-Baptiste Gallo divided the Microtrip, which is a time series
of speed, into four driving scenarios with a certain speed standard. Those driving
scenarios including i) idle driving scenario: vehicle speed is equal to zero, ii) creeping
driving scenario: Microtrip maximum speed in the range from 0 to 8.2 mph, iii) Low-
Speed Transient driving scenario: Microtrip maximum speed in the range from 8.2
to 22 mph, and High-Speed Transient driving scenario: Microtrip maximum speed
in the range from 22 to 52 mph. The desired driving cycle can be obtained by
selecting representative Microtrips in di erent driving scenarios and combining the
representative Microtrips according to certain rules [17].

The Tehran driving cycle was developed by Fotouhi et al. [18], by using Mcrotrips
and applying the k-means method to cluster the Microtrip database. Fotouhi used
average vehicle speed and idling time as variables for evaluating the suitability of
driving cycles. Driving scenarios are identi ed by clustering Microtrips. Four driving
scenarios including congested, urban, out-urban and highway driving were divided
to study the Tehran driving cycle. The Tehran driving cycle was characterized by a
distance of more than 14.4 km, a duration of 1533 seconds, an average speed of 33.84
km/h and an idling time of 15.3%.

Chugh et al. [19] used Microtrips and applied the velocity and acceleration fre-

guency matrices formed by each sequence to develop the Delhi driving cycle. Chugh



evaluated the e ectiveness of the developed driving cycle in terms of average speed,
percent idling time, percent acceleration/deceleration and percent cruise time. By
clustering Microtrip, four driving scenarios of crowded, semi-urban, urban and non-
urban driving are obtained. When generating driving cycles, Chugh also took into
account the characteristics of the class of tra ¢ conditions. The Delhi driving cycle
was characterized by a mileage of 7.8 km, a duration of 1565 seconds, an average
speed of 25.5 km/h and an idling time of 29.9%.

In studies for generating driving cycles, Tamsanya et al. [20] designed an driving
cycle generation algorithm based on average velocity. In Tamsanya's research, driving
cycles are generated by randomly combining Microtrips.

Shi et al. [21] constructed a driving cycle using a Markov process from stochas-
tic process theory. Shi used the transition matrix of vehicle data to determine the
statistical characteristics. Modal events were randomly selected from the data and
combined until the desired cycle length was reached. Shi's research serves as a guid-
ing theory that can be applied in the development of di erent kinds of driving cycles
according to the speci c experimental situation.

Justin et al. [22] developed a robust, data-driven approach to Markov chains. This
method can capture the real behavior in the driving cycle without deconstructing
the raw velocity-time series. Justin used the number of velocity states, drive cycle
length, and Markovian repetitions to evaluate the e ectiveness of generating drive
cycles. Justin's research found that the accuracy of candidate drive cycles is largely
dependent on the number of Markovian repetitions.

The study by Huiming et al. [23] found that di erent vehicles in the same re-
gion have di erent driving cycle characteristics. Based on the measured data, the
usage and driving characteristics of electric vehicles in Beijing were investigated. The
driving characteristics of the EV were compared with existing standard cycles. The
results show that the actual data di er signi cantly from the standard driving con-

ditions in many respects. The development of the drive cycle, therefore, takes into
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account the di erences in the test vehicles.

Shortcomings : There are two drawbacks for the existing driving cycles research.
The rst one is the lack of weight design for parameters. In the driving cycle apprais-
ing algorithm, if all parameters are calculated with the same weight, the in uence
of insigni cant parameters will be ampli ed. Another shortcoming is the ine cient
calculation of driving scenarios and driving cycles. This thesis aims to address these

shortcomings (see detial in Section 3.3.2 and Section 3.6).

1.4 Driver Behavior

Driver behavior refers to the actions and habits of a driver while operating a vehicle.

It includes a range of factors such as driving style, attitude, skill level, and experience.
Driver aggression is a subset of driver behavior that refers to aggressive or reckless
driving practices [24]. This thesis focus on driver aggressive analysis.

Driver aggression can have a signi cant impact on fuel consumption. Aggressive
driving, such as rapid acceleration, sudden braking, and excessive speeding, can cause
a vehicle's fuel conversion e ciency to decrease by up to 33% on highways and 5% in
the city, according to the US Department of Energy [25]. This is because aggressive
driving requires more energy for heavy acceleration, resulting in increased fuel con-
sumption. Rapid acceleration requires the engine to work harder to produce power,
which leading to more fuel consumption. Sudden braking wastes the kinetic energy
that the car has gained from accelerating, which then needs to be regained through
more fuel use. In addition, excessive speeding increases wind resistance, which also
requires more energy and fuel to maintain the vehicle's speed.

Fangfang et al. [26] found through real-world data of 38 drivers in Chengdu,
China, that tra c control signals are the in uencing factors that a ect vehicle fuel
consumption and emissions. ldling due to parking at tra c intersections is a major
contributor to fuel consumption losses. An aggressive driver consumes more fuel

when the vehicle starts and brakes, which greatly exacerbates fuel consumption. At
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the same time, Fangfang et al. also designed a comprehensive emission model to
obtain the real-time emission and fuel consumption of vehicles.

Javier et al. [27] designed an intelligent tra ¢ system, through data mining and
a neural network system, based on the analysis of the driver's characteristics, the
relationship between the driver's style and the fuel consumption of the vehicle. In
Javier's experiment, the real-time fuel consumption of the vehicle was derived from
two parameters; Fuel Flow and Vehicle Speed.

Wenshuo et al. [28] used a semi-supervised method, a semi-supervised support
vector machine (S3VM), to classify driver aggressiveness. In Wenshuo's experiment,
di erent from the traditional driving scenario coordinate system which uses vehicle
average speed and maximum speed, the vehicle speed and throttle opening were used
as the coordinate system to mark the label, and also the S3VM algorithm was used
to obtain the classi cation of the driver's driving state.

Tzirakis et al. [29] tested driving aggressiveness di erences among drivers of twelve
vehicles in a closed experimental eld. The test site used by Tzirakis et al is charac-
terized by many uphill, downhill, and humps. This caused the driver to make more
accelerations and decelerations. In the experiment, the fuel consumption was mea-
sured by a portable vehicle fuel consumption analyzer directly. Experimental results
showed that compared with smooth driving, aggressive driving leads to increased
fuel consumption, ranging from 78.5% to 137.3% for gasoline vehicles and 116.3% to
128.3% for diesel vehicles .

Deepak Hari et al. [30] installed a retro t driver behavior improvement device on
15 vehicles in the UK and tested it in a real-world environment. Fuel savings of 7.6%
were achieved through improved driving behavior by reducing harsh acceleration and
earlier shifting to higher gears. Through simulation experiments on urban roads and
high-speed roads, Emilia et al. [31] found that aggressive driving behavior greatly
a ects the fuel consumption and emissions of vehicles. Especially on urban roads,

aggressive driving increases fuel consumption by 30% and pollutant emissions by
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40%.

Glareh et al. [32] utilized driving cycles to represent di erences in driving aggres-
sion. Experimental results showed that medium truck drivers are more aggressive
than heavy truck drivers. This aggressiveness resulted in medium-duty trucks emit-
ting 60% more harmful substances than heavy-duty trucks.

Eunsol et al. [33] used the in-vehicle data capture device to record the factors that
may a ect the driver's aggressiveness. A binary logistic regression model was estab-
lished with in uencing factors as independent variables and driving aggressiveness as
independent variables. The main factors a ecting driving aggressiveness were found
through mathematical research through the logistic regression model. Experimental
resulted show that mileage is an important factor a ecting driver aggressiveness. In
addition, the driver's mental health is also a key factor a ecting driving performance.

Shortcomings : The existing research’'s method on driver aggressiveness analysis
are mainly focus on statistical analysis method. Moreover, the driving scenarios
selection range is not comprehensive, focusing on small scale driving scenario such as
uphill, downhill, and humps. Based on those features, this thesis applies an algorithm
to quantify driver aggressiveness and use unsupervised machine learning method to
generate a large scale driving scenarios. Detail information can be found in Section 3.4

and Section 4.3.1.

1.5 Thesis Objectives and Scope

Driving cycles can provide a standardized way to test a vehicle's fuel e ciency and

emissions. A consistent drive cycle allows for a fair test comparison of vehicles.
Test results can be used to design and optimize vehicle components. The commonly
used driving cycles are mainly under generated urban and highway driving scenarios.
Inadequate work has been done on the development of driving cycles on university
campus vehicles. Di erent from urban and rural area vehicles, campus vehicles have

many unique characteristics, such as lower average speed and more frequent starts
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and stops. The University of Alberta is located in Edmonton where has longer winters
with low ambient temperatures. The snow in winter will make vehicles travel more
slowly. Therefore, it is necessary to analyze the driving cycle of the UAlberta eet
vehicles.

There are more than 170 vehicles on the UA campus, it is important to develop
a campus driving cycle to analyze vehicle fuel consumption and emissions. In this
thesis, according to the characteristics of the eet vehicles of the University of Alberta,
the eet vehicles are divided into four categories, and driving cycles are developed for
each category.

Driver behavior, especially aggressive driver behavior, directly in uences vehicle
fuel consumption. However, the existing research mainly provides statistic criteria
for judging driver aggressiveness in the driving cycle scale. Large scale driver aggres-
siveness analysis will loss detail information so it is di cult to formulate accurate
training programs for drivers. This thesis will start from the frequency domain and
provide a metric for di erent driving scenarios of driver s to measure driver aggressive-
ness. At the same time, this thesis will analyze the di erence in driver aggressiveness
and fuel consumption caused by this di erence in di erent driving scenarios.

The main outcomes/bene ts of this thesis are

i) A driving cycle generation method based on average speed is designed. This

method is applied and tested for extensive vehicle data sets.

i) Extraction of a drive cycle for each of four categories of university eet vehicles.
These driving cycles can be used for fuel consumption and emission analysis of
the eet vehicles as well as deciding for the university vehicles renewal plan to

choose optimum vehicle type for each category of applications.

i) A numerical driving aggressiveness (DA) evaluation method based on frequency
domain analysis is designed. When the DA value is closer to 0, the driving

is more smooth, and when the DA value is closer to 1, the driving is more
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aggressive. This method can be used to compare university vehicle drivers and
identify driving situations that lead to aggressive driving, thus, driver training
programs, e.g. by design of driving simulation platforms, can be designed to

train university drivers.

iv) Proposed a revised average fuel consumption (RAFC) metric to better re ect
the impact of DA on vehicle fuel consumption. This method considers the

impact of the occurrence probability of DA in di erent driving scenarios.

1.6 Thesis Outline

Figure 1.6 shows the structure of this thesis. This thesis consists of ve parts including
introduction, experimental setup, driving cycle analysis, driver behavior analysis, and
conclusion.

In the experimental setup chapter, detailed information of the vehicle test setup
will be introduced, including the vehicle type, vehicle instrumentation, engine pa-
rameters, Global Positioning System (GPS) map of the driving routes, and data
collection. In addition, according to the characteristics of the collected data, this
chapter designs a set of data preprocessing methods to enhance the usability of the
data. In chapter 3, major driving cycle conceptions including Microtrip, Kinematic
Fragment, and Assessment Metrics are introduced rst. Next, the algorithms used in
this chapter, including the clustering algorithm for classifying driving scenarios and
the Principal Component Analysis (PCA) algorithm for evaluating parameter weight,
will be explained. Finally, the Microtrip and sub-Microtrip databases for each vehicle
class, the driving cycle generation algorithm, and the nal results are discussed in de-
tail. Chapter 4 introduces driver behavior conceptions including driver behavior, and
driver aggressiveness. Next, the algorithms used in this chapter, including frequency
domain algorithms for numerically expressing driver aggressiveness and algorithms

for estimating fuel consumption, will be discussed. Finally, the driver aggressiveness
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and fuel consumption di erences of di erent drivers under di erent driving scenarios
are obtained. The last chapter concluded this thesis by listing the main ndings from

this thesis.

Figure 1.6: Thesis ow including chapters and resulting publications
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Chapter 2

Experimental Setup

2.1 Introduction

Currently, UAlberta eet vehicles include 172 vehicles, most of which are trucks or
vans. According to the application of each vehicle, the eet vehicles in this research
were divided into 4 categories, namely: Utility or Trades; Casual Rentals; Shuttle
Minibus; University of Alberta Protective Services (UAPS). Within each category

of vehicles, several vehicles are selected to represent all other vehicles in the same
category. Vehicle characteristics and instruments installed to collect data are the
focus of this chapter. In addition, this chapter also introduces the main running

routes of di erent categories of vehicles and their characteristics.

2.2 Data Collection

Today's vehicles all have on-board diagnostics (OBD) capability for vehicle self-
diagnostic and reporting. To this end, extensive vehicle operational data is available
and can be recorded through OBD port in vehicles. The OBD data can be read by a
standardized digital communication port in vehicles.

In this study, Freematics One+ OBD data loggers, shown in Figure 2.1, were used
to collect vehicles' data. The Freematics ONE+ is an Arduino programmable vehicle
telemetry prototyping platform in the form of an OBD dongle that plugs into the

vehicle's OBD port and works as a standalone smart device that can communicate
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with the vehicle's Engine Control Unit (ECU). Freematics One+ OBD data logger
has a dual-core Central Processing Unit (CPU) that can process data quickly in real
time, and store the processed data in the internal ash memory or microSD card.
Freematics One+ OBD data logger can also use cellular network or WiFi to transmit
data to Freematics Hub. Freematics Hub is a cross-platform open-source telemetry
and loT data server software. It receives real-time data from multiple Freematics
ONE+ OBD data loggers and provides a simple REST API for third party applica-
tions to access real-time and historical data. Freematics Hub is e cient and has low
system resource requirements. It requires no application to maintain a connection
with the telematics device, while being deployable on any types of computes. Figure
1 shows the work ow of the Freematics One+ OBD data logger [34, 35].

During use, Freematics One+ OBD data loggers were inserted into vehicle OBD
interface to read the vehicle running data. At the same time, the location of the vehicle
will also be transmitted to Freematics One+ OBD data logger in real time through
GPS signals. Freematics data loggers are equipped with a GNSS model M8030, and
the GPS accuracy of horizontal position is 2.0 m. All data uses a dedicated telemetry
transmission protocol to transmit high-throughput and low-latency vehicle data to
the Freematics Hub with minimal data overhead. In the end, the historical data from
Freematics Hub were stored into the database for free call by participants. Table 2.1
shows the OBD parameters that were used to generate driving cycle and analyze
driver behavior.

This thesis focuses on the dierences in driving cycles between di erent vehicle
applications and di erences in driver behavior among di erent drivers. Given, the
test data are mainly in the same season, this thesis does not focus on studying the

seasonal in uence on vehicle driving cycle and driver behavior.
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Figure 2.1: The work ow of Freematics One+ OBD data logger

Table 2.1: Parameters collected by Freematics One+ to generate driving cycle and
analyze driver behavior

Parameter Name Unit

Vehicle ID -

GPS Time stamp S
GPS latitude
GPS longitude
Vehicle speed Km/h
Engine speed RPM
Throttle position
Pedal position
Intake air mass ow rate (MAF) gls
Short and long term fuel trims -

Air-fuel equivalence ratio () -
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2.3 Vehicle Selection

Because there are more than 170 vehicles owned by UAlberta eet vehicles, the cost
of installing experimental equipment on all vehicles to collect data is too large. More-
over, many vehicles have similar or even identical models. At the same time, the
geographical areas that di erent vehicles use also follow certain rules. The Utility or
Trade and UAPS vehicles are running in the campus area. In contract, Casual Rental
vehicles are mainly running on highways. The following content will introduce the
operating characteristics, selected representative vehicle models, and speci ¢ vehicle

driving trajectories according to the categories of vehicles.

2.3.1 Utility or Trades

The University of Alberta 's utility vehicles are mainly running near the university
campus. The types of these vehicles in Utility or Trades category are mainly trucks
and vans. In this experiment, six vehicles are selected to represent the University of
Alberta trucks and vans category. The data for this study is collected for four months
of operation from these six vehicles. In total, 716,794 data points were obtained. The

speci cations of vehicles are shown in Table 2.2 to Table 2.7.

Table 2.2: Speci cation of the tested vehicle A in utility and trades category

Vehicle Dodge RAM 2500
(0429)

Model year 2011

Engine size 5.7 Liters

Fuel Type Gasoline

Rated power 383 hp @ 5,600 rpm

Rated torque 400 Ib-ft @ 4,000 rpm

Data collection Aug. 17, 2021 to Nov.

duration 24, 2021
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Table 2.3: Speci cation of the tested vehicle B in utility and trades category

Vehicle
Model year
Engine size
Fuel Type
Rated power
Rated torque

Data collection
duration

Ford E250 (0441)
2012
4.6 Liters
Gasoline ( ex fuel)
225 hp @ 4,800 rpm
286 Ib-ft @ 3,500 rpm

Aug. 30, 2021 to Dec.
16, 2021

Table 2.4: Speci cation of the tested vehicle C in utility and trades category

Vehicle
Model year
Engine size
Fuel Type
Rated power
Rated torque

Data collection
duration

Ford E250 (0443)
2012
4.6 Liters
Gasoline ( ex fuel)
225 hp @ 4,800 rpm
286 Ib-ft @ 3,500 rpm

Aug. 30, 2021 to Dec.
7, 2021

Table 2.5: Speci cation of the tested vehicle D in utility and trades category

Vehicle
Model year
Engine size
Fuel Type
Rated power
Rated torque

Data collection
duration

Ford F250 (0451)
2012
6.2 Liters
Gasoline ( ex fuel)
385 hp @ 5,500 rpm
405 Ib-ft @ 4,500 rpm

Aug. 19, 2021 to Dec.
24, 2021
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Table 2.6: Speci cation of the tested vehicle E in utility and trades category

Vehicle Chevrolet Express
(0484)

Model year 2014

Engine size 5.3 Liters

Fuel Type Gasoline ( ex fuel)

Rated power 310 hp @ 5,200 rpm

Rated torque 334 Ib-ft @ 4,500 rpm

Data collection Sep. 3, 2021 to Jan.

duration 20, 2021

Table 2.7: Speci cation of the tested vehicle F in utility and trades category

Vehicle Ford Transit (0505)
Model year 2016

Engine size 3.7 Liters

Fuel Type Gasoline ( ex fuel)
Rated power 275 hp @ 6,000 rpm
Rated torque 260 Ib-ft @ 4,000 rpm
Data collection Aug. 30, 2021 to Dec.
duration 13, 2021

Table 2.2 to Table 2.7 show that the utility trucks used by University of Alberta
are all mostly light-duty trucks with engine size less than 6 liter. Such a vehicle model
is in line with the characteristics of campus work. In campus, Large vehicles require
a lot of steering space and are not suitable for campus work. At the same time, the
vehicles working on the campus start and stop frequently with substantial idling time.
The larger the vehicles, the more fuel consumption.

The running trajectory of the University of Alberta trucks and vans category can
be obtained by GPS data from OBD logger. As shown in Figure 2.2, most of the

vehicle trajectories are within the University of Alberta campus, which is framed by
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a black dotted lines.

Figure 2.2: The GPS route map for the tested utility or trade vehicles; Data from
Aug. 17, 2021 to Jan. 20, 2022

At the same time, in Figure 2.2, the landmark buildings near University of Alberta
campus are also marked, they are St Joseph's College, South campus landmark,
Phillips services building, HUB mall, and Timms Center for the arts respectively.

Readers can nd satellite images of nearby roads on Google Maps based on landmarks.

2.3.2 Casual Rentals

According to work management and demands of UAlberta, not all vehicles will be
put into service. For the casual vehicles, University of Alberta eet vehicles' manager
will rent them out. Vehicle models in this category is similar to the vehicle model in
Utility or Trades category. But their running trajectories, driving scenarios, and the

number of starts and stops are quite di erent. In this experiment, a total of 4 vehicles

were selected to represent the casual rental category. The speci ¢ information of the
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selected vehicles is list in the Table 2.8 to Table 2.11.

Table 2.8: Speci cation of the tested vehicle A in casual rentals category

Vehicle
Model year
Engine size
Fuel Type
Rated power
Rated torque

Data collection
duration

Ford F250 (0486)
2015
6.2 Liters
Gasoline ( ex fuel)
385 hp @ 5,500 rpm
405 Ib-ft @ 4,500 rpm
May 16, 2022

Table 2.9: Speci cation of the tested vehicle B in casual rentals category

Vehicle

Model year
Engine size
Fuel Type
Rated power
Rated torque

Data collection
duration

Dodge Grand Caravan
(0518)

2016
3.6 Liters
Gasoline ( ex fuel)
283 hp @ 6,400 rpm
260 Ib-ft @ 4,400 rpm

May 12, 2022 to Sep.
8, 2022

Through Table 2.8 to Table 2.11, it can be found that the selected vehicles are

close to the vehicles in utility and trades category, all of which are light-duty trucks.

The trajectory map of Casual Rentals category vehicles is shown in Figure 2.3.

It can be seen from Figure 2.3 that vehicles of Casual Rentals category mostly run

on highways. Casual rental vehicles consumed more fuel than those urban driving

vehicles as high speed driving cause high fuel consumption.
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Table 2.10: Speci cation of the tested vehicle C in casual rentals category

Vehicle Dodge Grand Caravan
(0488)

Model year 2015

Engine size 3.6 Liters

Fuel Type Gasoline

Rated power 283 hp @ 6,400 rpm

Rated torque 260 Ib-ft @ 4,400 rpm

Data collection May 12, 2022 to Sep.

duration 14, 2022

Table 2.11: Speci cation of the tested vehicle D in casual rentals category

Vehicle Ford F350 (0587)
Model year 2021

Engine size 6.2 Liters

Fuel Type Gasoline ( ex fuel)
Rated power 385 hp @ 5,750 rpm
Rated torque 430 Ib-ft @ 3,800 rpm
Data collection May 12, 2022 to Sep.
duration 13, 2022

2.3.3 Shuttle Bus

Except the main campus located by the North Saskatchewan River, University of
Alberta (UA) also has a campus named Campus Saint-Jean (CSJ) to provide students
with French courses. UA has two minibuses to shuttle students between the two
campuses. The passenger capacity of the minibus is about 30 passengers, so the
vehicles are larger than noraml vans and consume more fuel. At the same time,
the trajectory of the shuttle minibuses is xed. This kind of trajectory is ideal for
driver performance analysis as vehicles with the same driving trajectory will reduce

the di erence on vehicle fuel consumption caused by driven distance. Under such a
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