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Abstract

This thesis aims to create a platform to estimate and monitor the University of Alberta

(UAlberta) fleet vehicles’ fuel consumption and Carbon Dioxide (CO2) emissions. The

main objective is to collect and analyze fleet vehicles information to reduce energy

consumption and greenhouse gas emissions from university vehicles. To this end, this

thesis creates a data collection platform for real-time monitoring and analysis of fleet

activity, utilizing onboard diagnostics (OBD) data from each vehicle. By processing

the collected data, this thesis seeks to identify the causes of high fuel consumption in

the fleet and determine the optimal vehicle type for different applications and driving

cycles.

Two machine learning methods, including random forest (RF) and artificial neu-

ral network (ANN), were investigated to estimate fuel consumption based on OBD

and actual fuel consumption data. The study used data from a Ford Escape plug-in

hybrid electric vehicle (PHEV) and a Ford F-350 vehicle during real-world urban and

highway driving on a 100-km route. The machine learning models utilized OBD pa-

rameters such as engine load, engine speed, intake manifold absolute pressure, air-fuel

equivalence ratio, and throttle position. The validation results indicated that the RF

model was more accurate than the ANN model, achieving an estimation accuracy

of 99% for the Ford Escape PHEV and 100% for the Ford F-350. These findings

confirm that utilizing machine learning models can effectively estimate vehicular fuel

consumption; thus, these models can be used to monitor fleet vehicles’ energy con-

sumption, and design strategies to reduce the fuel consumption from the UAlberta

fleet vehicles.
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Additionally, this thesis investigated the energy consumption and cost of a con-

ventional vehicle (Ford Escape S) with an internal combustion engine (ICE) and a

PHEV (Ford Escape PHEV) from the UAlberta fleet. The vehicles were driven 243

times on a 20-km route in Edmonton, Canada, during 2021 - 2022. The route in-

cluded both urban and highway areas. The research also explored the impact of

ambient temperature (Tamb) on the operations and energy consumption of the vehi-

cles, considering different powertrains and electrification levels. This study reveals

that for warm start tests, the total energy consumption increased by decreasing the

Tamb from 32 °C to -24 °C. Modes that entail continuous operation of the electric

motor are especially affected. Among the modes, Auto EV (i.e., electric and hybrid

electric) mode demonstrated the highest increase in energy consumption, rising by

almost 452% when the Tamb drops from 29°C to -24°C. Similarly, during cold start

tests, there was an increase in energy consumption as the Tamb decreased from 29 °C

to -18 °C. The mode that showed the highest increase in energy consumption was EV

Now (i.e., all-electric) mode, with an increase of 527% by reducing the Tamb from 29

°C to -13 °C.

The thesis also examined the effect of start-stop technology on conventional vehi-

cles’ energy consumption and operational costs. To conduct the study, three vehicles

from the UAlberta fleet were tested, and the effect of start-stop technology was eval-

uated on four different applications of UAlberta fleet vehicles. The findings indicated

that the energy and cost savings achieved by vehicles equipped with start-stop tech-

nology could be significant, depending on the vehicle drive cycle and idling percentage,

as well as engine size. The fuel savings are anticipated to increase during the cold

season operation of fleet vehicles.

INDEX Terms- Instantaneous Fuel Consumption, Machine Learning, Artificial

Neural Networks, Random Forest, Real-world Driving Data Powertrain Modes, En-

ergy Consumption, Energy Cost, CO2 Emissions, Start-Stop Technology.
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Chapter 1

Introduction

This chapter provides the background information, literature review, scope, and goals

of this thesis.

1.1 Motivation

The University of Alberta (UAlberta) manages a 
eet of more than 180 vehicles,

including sedans (compact and intermediate), sports utility vehicles (SUVs), trucks,

vans, and buses. These vehicles are used for various purposes, such as passenger

transportation, cargo transportation, police/security operations, and other applica-

tions.

The 
eet consumes approximately 205,000 liters of fuel annually, emitting 564,291

kg of Carbon Dioxide (CO2) greenhouse gases (GHG).

The powertrains of the 
eet vehicles consist of conventional (gasoline and diesel),

hybrid electric vehicles (HEV), and plug-in hybrid electric vehicles (PHEVs). There-

fore, the university 
eet vehicles include a mix of di�erent types of vehicles with

varying levels of fuel conversion e�ciency and emissions pro�les.

Each vehicle in the 
eet is assigned to a speci�c application, such as passenger

vans, cargo vans, police/security vehicles, passenger sedans/SUVs, trucks (crew and

cargo), and buses. To this end, the 
eet is diverse regarding vehicle types and usage

scenarios, catering to di�erent operational needs and requirements.
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Intelligent management of the university 
eet vehicles presents opportunities for

implementing strategies to improve fuel conversion e�ciency, reduce emissions, and

optimize vehicle usage based on their speci�c applications. Some of these strategies

may include:

i) Identi�cation of energy-saving opportunities by identifying ine�cient driving

patterns, identifying unnecessary idling times, optimizing routes, and exploring alter-

native fuels or technologies.

ii) Short-term and long-term 
eet renewal plan development to maximize the 
eet's

transport e�ciency and reduce fuel consumption. This involves vehicle replacement

strategies, exploring alternative fuel options, and implementing vehicle technologies

that improve fuel e�ciency.

iii) Real-time monitoring of fuel consumption to provide feedback to drivers and


eet managers on fuel usage patterns and areas for improvement. This involves using

telematics, Global Positioning System (GPS), and other technologies to collect and

analyze real-time fuel consumption data.

iv) Developing practical and reliable methods for estimating fuel consumption and

tailpipe emissions of 
eet vehicles, using available sensor data, vehicle parameters,

and other relevant information to estimate fuel consumption and emissions in real

time accurately.

v) Fleet operational cost reduction by exploring strategies to reduce 
eet operating

costs through optimum 
eet assignments and other operational strategies. This may

involve developing tools or software for 
eet management to optimize 
eet operations

and reduce costs.

Figure 1.1 illustrates di�erent factors in
uencing a vehicle's energy consumption

and CO2 emission. This thesis investigates the e�ect of vehicle technology and the

environment (winter vs summer) on vehicular energy consumption and CO2 emission.

In particular, this thesis aims to provide contributions in the following areas:

1. Establishment of a framework to estimate fuel consumption from each individual
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vehicle in the university 
eet, using available On-Board Diagnostic (OBD) data.

2. Assessment of ambient temperature (Tamb) on the performance of vehicles with

di�erent levels of electri�cation.

3. E�ect of start-stop technology on fuel and cost savings from university vehicles.

This helps the university 
eet manager to make an informed decision for including

or excluding the start-stop option and associated cost in the future purchases of the

university vehicles based on their applications.

In the following section, a review of the literature in the three contribution areas

of this thesis is provided.

Figure 1.1: The factors that in
uence on energy consumption and CO2 emission of a
vehicle. The dark circles show the areas for the focus of this thesis.
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1.2 Literature Review

1.2.1 Fuel Consumption Estimation of Fleet Vehicles

Di�erent vehicle technology types can a�ect a 
eet's energy consumption, operational

costs, and CO2 emissions. Figure 1.2 illustrates the distribution of Light-Duty Vehicle

(LDV) sales by technology or fuel in the United States [7]. The data shows that

gasoline-powered vehicles are still the most commonly used technology, followed by

HEVs. Over the past few years, electric vehicles (EVs) have become increasingly

popular due to the technology development and the substantial decline in the costs

of batteries [8].

Figure 1.2: LDV sales by technology or fuel in the U.S. [7]

A model for 
eet management was developed in [9] based on an e�cient and high-

precision fuel consumption estimation. The model used information about the eleva-

tion variations and destination of the trip, weather conditions, vehicle characteristics,

and driver's behavior. The model can be used to �nd the most economical itinerary

for 
eet vehicles.
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As part of the transportation 
eet to cover di�erent market sections, companies are

interested in having vehicles that suit the type of goods transported, which means

a 
eet with vehicles of varying load and capacity. A multi-objective model based

on Tchebyche� methods was developed in [10] for Vehicle Routing Problems (VRP).

Vehicle capacities, costs, and emissions were the factors considered in the model to

minimize the total internal costs, CO2 and Nitrogen Oxides (NOx).

Instantaneous vehicle speed in
uences emissions and fuel consumption. Analyzing

the acceleration, cruising, deceleration, and idling based on time, distance, and aver-

age fuel consumption and emission factors showed that the aggressive modes are more

polluting than steady-speed driving modes. In addition, driving at a low speed (i.g.

V< 32 km/h)[11] contributes to a high percentage of total emissions. Minimizing

vehicle stops in urban areas to smooth driving, acceleration, and deceleration will

help to reduce fuel consumption and emissions [12].

Individualized machine learning methods were developed based on the distance for

fuel consumption of heavy vehicles. Vehicle speed and road grade are the parameters

that were used to produce a predictive neural network model. This method can be

deployed for each vehicle in a 
eet to optimize fuel consumption over the whole 
eet

[13].

A fuel consumption machine learning model was developed to choose the route

based on road geometry. Support Vector Machine (SVM), Random forest (RF), and

Arti�cial Neural Network (ANN) models were used. The data set was from the col-

lected data of the 
eet truck's telematics system and the road, vehicle characteristic

data from the Highways Agency Pavement Management System (HAPMS) of High-

ways England. Results showed that the RF model has the highest accuracy for fuel

consumption prediction of the 
eet trucks [14].

An approach was developed for estimating truck fuel consumption based on a

Generalized Regression Neural Network (GRNN) model. The proposed model was

compared with the Vehicle Speci�c Power (VSP) model, the Virginia Tech Microscopic
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(VT-Micro) model, and the Comprehensive Modal Emission Model (CMEM). The

result showed the model has a strong performance in predicting fuel consumption

[15].

Fuel consumption of a vehicle depends on the vehicle and external factors. However,

some factors may not be available for the fuel consumption analysis. The machine

learning model was developed by learning the patterns in data for these cases. Based

on the results, the RF technique produced a more accurate prediction than gradient

boosting and neural networks [16].

A Real-world Fuel Consumption Rate (RFCR) model was developed to estimate

the fuel consumption of 201 brands of vehicles in 34 cities in di�erent areas of China.

According to the results, the use of manual transmission and the reduction of the

use of air conditioning (AC) can reduce the energy consumption of the investigated

vehicles [17].

Instantaneous fuel consumption was estimated by using smartphones and an OBD-

II data logger. To this end, two models were used. Powertrain-based model, based

on the engine's fuel injection rate, and vehicle dynamics-based model, regarding the

mechanical work applied on a vehicle. The results showed the average di�erence

between the models' estimation and the actual fuel consumption was about 6% [18].

In Brazil, a mobile application was developed to encourage the reduction of fuel

consumption. The application used fuzzy logic and vehicle data was read from an

OBD-II Bluetooth device (ELM 327). The collected parameters were analyzed, and

the instantaneous fuel consumption was estimated. On real-world tests, an accuracy

of more than 85% was obtained [19].

A modal was developed in [20] to estimate the energy/emissions of the vehicle based

on sparse mobile sensor data. Acceleration, deceleration, cruising, and idling are

considered driving modes. The vehicle energy/emissions factors are estimated based

on operating mode distributions reconstructed by a rate of 1 Hertz (Hz). When the

Next Generation Simulation (NGS) data set is compared with the linear interpolation
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model, NGS performs better on vehicle energy/emissions estimation.

1.2.2 E�ect of Ambient Temperature on Energy Consump-
tion of Conventional Vehicles and PHEVs

The shift towards EVs and HEVs for light-duty applications is well documented

[21, 22]. Using electricity produced from sustainable sources leads to no emissions

from EVs (Tailpipe emissions). Therefore, these types of vehicles have signi�cant

environmental bene�ts such as zero tailpipe emissions, easy driving, particularly in

stop-start, quiet driving, and economical fuel costs.

PHEVs have an electric motor and an internal combustion engine (ICE), and their

CO2 emissions depend on the proportion of driving done in all-electric mode versus

using the ICE. Longer All-Electric Range (AER) can result in higher electric driving

percentages and lower overall CO2 emissions. However, the energy consumption and

CO2 emission reduction of these vehicles in extremely cold Tamb is understudied.

Figure 1.3 illustrates the global average temperature during winter in the Northern

Hemisphere, revealing that a signi�cant portion of the world's population experiences

temperatures below -7°C. In North America, the Federal Test Procedure (FTP) is

used for emission certi�cation and fuel economy tests of LDVs, the coldest temper-

ature covered in the cold phase of the FTP being 20°F (approximately -7 °C) [23].

Similarly, the European Real Driving Emission (RDE) test covers Tamb as low as -7

°C [24]. Many Canadian cities experience temperatures below -7°C during winter.

This thesis reports the energy consumption and CO2 emission results of a PHEV with

di�erent levels of electri�cation in T amb as low as -24°C.

Battery electric powertrains have the potential to signi�cantly reduce air pollutant

emissions generated by combustion and lower CO2 emissions, primarily when powered

by renewable energy sources. However, the e�ectiveness of electric powertrains in

reducing CO2 emissions depends on multiple factors, including the carbon intensity

of electricity production at the source and the real world performance of the vehicle.
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Figure 1.3: Global average temperature of December, January, and February [23]

Reducing CO2 emissions from shifting towards electric powertrains may be limited

in regions with predominantly carbon-intensive electricity production. The carbon

intensity of electricity production varies geographically and is in
uenced by the mix

of energy sources used for electricity generation in di�erent regions. For example, in

Alberta, Canada, where only 15% of electricity is generated from renewable and zero-

carbon sources of energy [25], the bene�ts of electric powertrains compared to ICEs

need to be carefully studied, particularly considering the extreme winter conditions

in Alberta.

The fuel cost of driving an electric vehicle depends on the cost of electricity per

kilowatt-hour (kWh) and the vehicle's energy e�ciency. In addition, the fuel cost of

a conventional vehicle with an ICE depends on the costs of gas and fuel consumption.

According to the Idaho National Laboratory (INL) comparison of energy costs per

mile for electric and gasoline-fueled vehicles in the U.S. (Figure 1.4), the fuel for an

electric vehicle with an energy e�ciency of 3 miles (4.83 km)/kWh costs about 3.3
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g/mile, when electricity costs 10g/kWh [26].

Figure 1.4: Comparing energy costs per mile for electric and gasoline-fueled vehicles
based on INL data [26]

A study conducted in [27] developed an engine model that can predict the in
uence

of cold battery and engine temperatures on the fuel and electric consumption of

a power-split PHEV with a Prius powertrain. The engine model considers engine

utilization history and starting temperature to calculate engine fuel rate. According

to the results, the cold temperature signi�cantly impacts engine e�ciency and battery

power restrictions, resulting in higher fuel and electrical energy consumption for a

PHEV.

Low ambient temperatures have a negative e�ect on powertrain performance,

charging time, distance range, and costs. In the study by Ghobadpour, et.al.[28],

the e�ect of cold temperatures on the performance of the PHEV components, road

conditions, and charging infrastructure was studied to improve e�ciency and energy

consumption. The study found that PHEVs were a better choice than EVs for cold

climates.

PHEVs are generally considered to produce lower levels of pollution than conven-

tional passenger vehicles. However, a study on a Euro 6 parallel PHEV in Tamb of -7
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°C and 23°C shows that the PHEVs can emit similar or even higher levels of emissions

and pollutants compared to Euro 6 conventional gasoline and diesel vehicles [29].

A model year (MY) 2012 Chevrolet Volt PHEV was tested in a Tamb range of -25

°C to 25 °C in Winnipeg, Canada. The results con�rm that energy consumption has

an inverse relationship with Tamb. At T amb -3 °C to -5 °C, the electric travel range

was less than half of the baseline range, and electrical energy consumption was more

than double [30].

The energy consumption of PHEVs increases when operating in cold temperatures

due to low powertrain e�ciency and the extra energy required for battery thermal

conditioning and cabin heating. Figure 1.5 shows the average energy consumption of

the best-selling vehicles at various Tamb [31].

Figure 1.5: Average energy consumption of top-selling vehicles under varying Tamb

[31]

The hybrid functions of an HEV depend on Tamb. These functions, like auto-

stop/start and brake regeneration, are unavailable in extremely cold climates. A

Thermal Management System (TMS) to warm up the battery quickly without any

additional hardware is a cost-e�cient solution [32].
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Extremely cold climate operations have a negative e�ect on the available energy

of the PHEV's Li-ion battery and experience degradation mechanisms. A non-

isothermal equivalent circuit battery model was developed in [33] for cold starts in

extremely low temperatures. The model can be used for thermal management and

increasing the performance and persistence of battery energy.

A method was demonstrated in [34] for quantifying energy use and emissions of a

MY2013 Toyota Prius plug-in. The vehicle was equipped with a portable emission

measurement system. VSP-based modal average energy use and emission rates. The

results show that the PHEV operating in charge-depleting mode has better energy

e�ciency and lower emission rates than same-sized conventional light-duty gasoline

vehicles.

Battery performance varies throughout the temperature range speci�c to automo-

tive applications. A dynamic battery model was developed in [35] based on current

and temperature for battery voltage. According to the results, a signi�cant perfor-

mance increase can be achieved by including temperature in
uences in the models.

An integrated power and thermal management (i-PTM) scheme was developed in

[36] to optimize power split, engine thermal management, and cabin heating. Based

on data collected from a 2017 Prius HEV, the heating requirement in
uences optimal

power management and energy consumption behavior. The study has shown that

integrating power and thermal optimization has the potential to save up to 6.85%

fuel.

The battery charge in PHEVs is designed to be consumed during a drive cycle.

Sometimes, a drive cycle distance range exceeds a PHEV's AER. In these situations,

as ICE starts to work, the vehicle produces emissions by changing the powertrain

mode, and optimization of the vehicle's performance becomes a priority for energy-

saving purposes. A method was developed to synthesize a supervisory powertrain

controller (SPC) that adjusts the engine on/o�, gearshift, and power-split strategies

to optimize fuel consumption for known travel distances [37].
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1.2.3 E�ect of Start-Stop Technology on Energy Consump-
tion and Costs

Start-stop technology is an alternative for reducing energy consumption with low cost

and high e�ectiveness. One of the most signi�cant advantages of this technology is

installing it on traditional powertrain systems. Start-stop systems are not a new

development. The early versions arrived in the 1980s [38], but they are now more

developed and commonplace. Figure 1.6 shows the schematic of the start-stop system.

Figure 1.6: The start-stop system components [38]

The system is equipped with various sensors that monitor parameters such as the

vehicle's speed, brake pedal position, clutch pedal position (in manual transmissions),

battery status, and engine temperature. The start-stop system uses these sensors to

detect when the vehicle comes to a complete stop, for example, at a tra�c light or in

heavy tra�c.

The system ensures that the transmission is in neutral or the clutch is disengaged,

in case of manual transmissions, and also checks whether the brake pedal is depressed.

If both conditions are met, the system automatically shuts o� the engine to conserve
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fuel and reduce emissions. The system continuously monitors the battery state to

ensure that there is su�cient power to restart the engine. In case of low voltage, the

system may not shut o� the engine or may restart the engine to recharge the battery.

When the driver releases the brake pedal or, depresses the clutch (in manual trans-

missions) or accelerates, the engine stop-start system will restart the engine. To do

this, the starter motor will be engaged to crank the engine, and then the fuel and

air mixture will be reignited to resume combustion. The transition between engine

shutdown and restart is designed to be smooth and unobtrusive, so the driver usually

does not notice the engine stopping and starting. While the engine is o�, the vehicle's

power steering, brakes, and other essential systems are still operational.

The start-stop system was tested over the New European Driving Cycle (NEDC).

The results showed a fuel saving rate of up to 8.31% [39].

In the study done by Ma, et.al. [40], during a cold start test, the idling start-stop

function of the �rst idling segment under NEDC conditions did not work normally.

This was because the coolant temperature was too low at that time, which did not

reach the threshold required to trigger the idling start-stop operation.

It should be considered that using the start-stop function for situations like a red

light for less than 5 seconds is not bene�cial because the fuel consumed by using the

engine start-stop technology is more than when the engine idles for the same period

[41].

The research contributed by Abas et al. in [42], in Malaysia at Tamb of 34.7°C,

showed that the average fuel saved by the start-stop system was about 20.7%. Then,

the test was repeated, considering the cabin comfort temperature of 16°C, which

was the coldest demand using the air conditioning system. This led to energy saving

dropped to 11%.

1.3 Aim and Scope

The primary aims and scope of this thesis are:
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ˆ Investigating the fuel consumption of the UAlberta 
eet vehicles to reduce en-

ergy consumption.

ˆ Measuring a vehicle's actual instantaneous fuel consumption in the real world

requires costly equipment. In this thesis, a framework is proposed to estimate

the fuel consumption of individual vehicles in the university 
eet, utilizing avail-

able On-Board Diagnostic (OBD) data and machine learning models.

ˆ The University of Alberta's 
eet, with more than 180 vehicles, is in Edmon-

ton|a city with extremely cold temperatures down to -40 °C in winter, and

warm weather up to 35°C in summer. In this thesis, the e�ect of Tamb on

the performance and energy consumption of conventional (ICE) vehicles versus

the electri�ed operating modes are investigated. The results reveal valuable

insights into the impact of Tamb on various powertrain options, identifying fuel

consumption patterns and ideas for energy-saving for UAlberta 
eet vehicles.

ˆ Analysing the e�ect of start-stop technology on energy consumption and oper-

ational costs of conventional vehicles in UAlberta 
eet vehicles. To this end,

three vehicles with varying engine sizes were selected from the UAlberta 
eet:

a Ford Escape S, a Chevrolet Silverado 1500, and a Ford Econoline 450. The

fuel saving by using start-stop technologies in these three vehicles was studied

for four UAlberta 
eet vehicle applications by considering their distinct drive

cycles.

1.4 Thesis Outline

The thesis is organized into six chapters, including an introduction, experimental

setup, fuel consumption estimation of UAlberta 
eet vehicles, e�ect of ambient tem-

perature on energy consumption of a vehicle, e�ect of start-stop technology on energy

consumption and costs, and conclusion. The structure and work
ow of the thesis are
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shown in Figure 1.7, and the resulting publications are also listed.

Figure 1.7: Thesis 
ow including chapters and resulting publications
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The experimental setup chapter provides a detailed description of the research

design, the methods used for collecting vehicle OBD data, and the equipment setup.

It also explains the development of a software platform for real-time monitoring,

highlighting opportunities for energy-saving, pattern recognition, and driving cycle

optimization to reduce 
eet operational costs and CO2 emissions.

In chapter three, di�erent practical and reliable methods to estimate the instan-

taneous fuel consumption of 
eet vehicles were studied. Two RF and ANN machine

learning methods were developed using real-world OBD data.

Investigating the e�ect of Tamb on energy consumption, costs, and CO2 emission

is described in chapter four. A Ford Escape PHEV was tested in di�erent weather

conditions in the Tamb range of -24°C to 32 °C.

Chapter �ve investigates the impact of start-stop technology on the 
eet vehicles

of the University of Alberta. To determine the fuel savings of the vehicles, three

UAlberta 
eet vehicles were selected, and the drive cycles of four university vehicle

application areas were considered.

Finally, chapter six summarizes the study's key �ndings and conclusions drawn

from analyses of the experimental results, discusses their implications, and provides

recommendations for future research and practice.
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Chapter 2

Experimental Setup

This chapter explains the experimental setups designed to collect the required data for

this thesis. Overall, two types of data are collected: i) On-Board Diagnostic (OBD)

data using Controller Area Network (CAN) data loggers on di�erent UAlberta 
eet

vehicles, and ii) Instantaneous fuel consumption data by installing a fuel 
ow meter.

The following sections explain each of the data collections.

2.1 Vehicle OBD Data Collection

The OBD systems have been mandatory in the United States and Canada for all

passenger vehicles and light to medium-duty trucks since 1996 [43], and the OBD-II

standard was established to ensure that vehicles comply with emission standards.

OBD-II monitors various systems related to engine and exhaust after-treatment sys-

tem operation to detect and report any malfunctions that may impact tailpipe emis-

sions.

OBD-II utilizes di�erent signal protocols to communicate information from the

OBD system to external devices. These protocols are explained in Figure 2.1. Via

OBD-II, a large number of vehicle engine operational parameters become publicly

available by using OBD data loggers. This thesis uses OBD data for performance

analysis of the university vehicles.
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Figure 2.1: OBD-II signal protocols

2.1.1 OBD Data Logger

The OBD data can be accessed using an OBD scanner or a CAN data logger. CAN

data loggers help collect OBD data over extended periods, such as for research or 
eet

management. They are typically small, portable devices that can be connected to the

OBD port in the vehicle. The data logger continuously records information from the

OBD system, such as vehicle speed, engine speed, and fuel consumption, and stores

it in its memory for later analysis. Data loggers are especially useful for monitoring

vehicle performance and identifying potential issues. In addition, data loggers can

be equipped with Wireless Fidelity (Wi-Fi) or cellular connection for continues data

transfer to the cloud or server for 
eet vehicles' management. This thesis uses the

Freematics CAN data logger One+ Model B (Figure 2.2).

Wi-Fi Option

In the Wi-Fi mode of the Freematics CAN data logger, the device collects data while

the vehicle is in motion but has no live connection to a server. Instead, the collected
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(a) The Freematics CAN data logger
One+ Model B

(b) The Freematics CAN data logger
installed on OBD port of a vehicle

Figure 2.2: The Freematics CAN data logger used for this study

data is stored on an internal Secure Digital (SD) card. The device must connect to

a Wi-Fi network to access the collected data and use Hypertext Transfer Protocol

(HTTP) Application Programming Interface (API) commands. However, there are

limitations with the Wi-Fi mode as the device needs to have access to speci�c internet

routers located at limited locations, such as fuelling stations, which are associated

with the University of Alberta. These limitations suggest that the device may have

restricted access to the internet and that data retrieval may only be possible in speci�c

locations with the required network infrastructure.

Cellular Option

The cellular option of the Freematics CAN data logger allows for real-time monitoring

and data transmission, which is bene�cial for 
eet management. However, it's im-

portant to remember that cellular coverage can be limited in certain areas, especially

in remote locations, which may a�ect the ability to transmit data in real time.

The availability and reliability of cellular coverage can vary depending on location,

network provider, and environmental conditions. In remote or rural areas, cellular

signal strength may be weaker or unavailable, impacting the device's real-time ability

to transmit data. It's essential to consider these limitations when relying on cellular

19



connectivity for data transmission and 
eet management and have contingency plans

for situations where cellular coverage may be limited or unavailable.

The alternative option is to store the data locally on the device and transfer it

later when cellular coverage is available or using satellite communication.

This data logger (Figure 2.2a) is a small device that can be easily installed into

the OBD port of a vehicle (Figure 2.2b). It can collect various data types, including

Global Positioning System (GPS) location, vehicle speed, engine speed, engine load,

and other Parameter Identi�cations (PIDs) de�ned by the OBD-II standard. This

device has an internal 16 GB SD card for data storage and can be connected to a

database server via Wi-Fi or cellular network to upload the data.

The technical speci�cations of the Freematics CAN data logger One+ Model B are

shown in Table 2.1.

Table 2.1: Speci�cations of the Freematics CAN data logger used in this study

Parameter Value

Random Access Memory (RAM)
con�guration

520 KB IRAM + 8 MB PSRAM

Real-Time Clock (RTC) External 32 K

Cellular module Integrated 4G LTE module

Global Navigation Satellite System
(GNSS)

Integrated M8030 10 Hz GNSS
module and antenna

External I/O 2x GPIO for digital I/O, analog
input, serial UART etc.

Co-Processor features Vehicle ECU interfacing GNSS
data processing

Horizontal Pos. Accuracy 2.0m Circular Error Probability
(CEP)

The Freematics CAN data logger uses open-source code and can be programmed

using the Arduino Integrated Development Environment (IDE) or other programs

such as Visual Studio Code (VSC), making it highly customizable for speci�c tasks.
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This allows users to modify the behavior of the logger by writing and uploading their

code, giving them greater 
exibility and control over the data collection process.

To address the concern of potential battery drain during the operation of the

Freematics device in Edmonton's cold winter conditions, a standby and startup code

was de�ned in the Freematics program. This code allows the device to be put into

standby mode when not actively collecting data, which can help conserve battery

power.

When the Freematics device is in standby mode, it typically draws a lower current

of 10 milliamperes (mA) than its normal operating mode of 150 mA. By putting the

device into standby mode during periods of inactivity, such as when the vehicle is not

in use or when data collection is not required, the device's power consumption can

be reduced, potentially helping to mitigate battery drain issues. This can protect the

battery from over-discharge damage and ensure the device's reliable performance.

When the device detects movement or the vehicle is turned on, it wakes up from

standby mode and resumes its data collection and transmission functions. This en-

sures that data is only collected when the vehicle is in use, reducing unnecessary

power consumption and data storage.

2.1.2 Data Server

The data logger records a minimum of 2 MB of data per hour of operation, and each

vehicle may operate for 4 hours per day. This results in a minimum of 8 MB of data

per vehicle daily. With a 
eet of 180 vehicles, the total data generated daily would

be 1,440 MB, or approximately 1.5 GB (1 GB = 1,024 MB). Therefore, the system

should be capable of handling the transfer of a minimum of 1.5 GB of data per day

from the UAlberta 
eet's data loggers. This would require su�cient bandwidth and

storage capacity in the system to accommodate the data transfer and storage needs,

ensuring e�cient and smooth operation without data loss or performance issues. It

is also essential to consider the system's scalability and 
exibility to handle potential
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future data volume increases.

A computer server was set up in the National Institute of Nanotechnology (NINT)

building, located at the University of Alberta, to serve as both a network server

and a database. This computer is operational 24/7 and is designed to collect data

continuously. The data collected include GPS and OBD data recorded from vehicles.

The collected data, including vehicle location, speed, engine parameters, and other

relevant data from the OBD system. The collected data is automatically sent to the

network server and uploaded to the database. This allows for e�cient and automated

data management, storage, and retrieval. Using a dedicated computer as a network

server and database helps ensure the collected data is securely stored and readily

accessible for analysis and further processing.

2.1.3 Data Collection, Transfer, and Processing

The designed 
eet data collection system uses an OBD data logger to record various

vehicle parameters, such as vehicle speed, engine speed, coolant temperature, and

other relevant data.

Parameter Identi�cations (PIDs)

The speci�c set of PIDs available for a particular vehicle will depend on various

factors, such as the make and model of the vehicle, the year it was manufactured,

and the type of OBD scanner being used. Some PIDs may be standard across all

vehicles, while others may be unique to speci�c makes or models.

The device is capable of collecting up to 21 PIDs with a sample rate of 1 Hz.

However, the sampling rate decreases if more PIDs are added. This is because the

logger has to request and receive data for each PID, and the more PIDs that are

collected, the longer it will take to complete an entire data collection cycle.

The number of PIDs collected by the Freematics OBD data logger a�ects the

sampling rate, as shown in Figure 2.3. Data was collected from four di�erent vehicles
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using the Freematics OBD data logger. These vehicles included a model year (MY)

2010 Ford Econoline E150, a MY2012 Dodge Ram 1500, a MY2011 Hyundai Sonata,

and a MY2017 Chevrolet Express.

Collecting 20 PIDs from both the Dodge Ram 1500 and the Chevrolet Express took

almost 0.6 seconds and 0.7 seconds, respectively. Increasing to 30 PIDs increased the

sampling period to almost 1.5 seconds for both vehicles. The Ford Econoline E150

took the longest sampling period, at 2.8 seconds, to collect 50 PIDs. The Hyundai

Sonata with 46 PIDs took 2.6 seconds, while the Chevrolet Express and Dodge Ram

1500 with 49 and 48 PIDs respectively took almost 2.5 seconds.

Figure 2.3: The link between the number of PIDs and possible sampling period using
Freematics OBD data loggers

It is common for the number of available PIDs to vary between di�erent vehicles.

In this case, the maximum number of PIDs collected was 54 from the UAlberta 
eet

vehicles (Tables 2.2, 2.3). However, the parameters available varied considerably

between di�erent vehicles. These PIDs include data such as vehicle speed, Mass Air

Flow (MAF) rate, throttle position, engine speed, and many others.
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Table 2.2: The list of PIDs collected from UAlberta 
eet vehicles in this study (part1)

No. Parameter Unit

1 Calculated engine load %

2 Engine coolant temperature °C

3 Short term fuel trim Bank 1 %

4 Long term fuel trim Bank 1 %

5 Short term fuel trim Bank 2 %

6 Long term fuel trim Bank 2 %

7 Fuel pressure (gauge pressure) kPa

8 Intake manifold absolute pressure kPa

9 Engine speed rpm

10 Vehicle speed km/h

11 Timing advance ° before TDC

12 Intake air temperature °C

13 Mass air 
ow (MAF) sensor g/s

14 Throttle position %

15 O2 Sensors present (in 2 banks) -

16 O2 Sensor 1 - voltage & short term fuel trim V & %

17 O2 Sensor 2 - voltage & short term fuel trim V & %

18 O2 Sensor 5 - voltage & short term fuel trim V & %

19 O2 Sensor 6 - voltage & short term fuel trim V & %

20 Run time since engine start s

21 Time run with Malfunction Indicator Light (MIL) on min

22 O2 Sensor 1 air-fuel equivalence ratio & voltage ratio & V

23 Commanded Exhaust Gas Recirculating (EGR) %

24 Commanded evaporative purge %

25 Fuel tank level input %

26 Warm-ups since codes cleared -

27 Distance since codes cleared km
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Table 2.3: The list of PIDs collected from UAlberta 
eet vehicles in this study (part2)

No. Parameter Unit

28 Evap. system vapor pressure Pa

29 Absolute barometric pressure kPa

30 O2 Sensor 1 air-fuel equivalence ratio & current ratio & mA

31 O2 Sensor 2 air-fuel equivalence ratio & current ratio & mA

32 O2 Sensor 5 Air fuel equivalence ratio & current ratio & mA

33 Catalyst temperature: Bank 1, Sensor 1 °C

34 Catalyst temperature: Bank 2, Sensor 1 °C

35 Catalyst temperature: Bank 1, Sensor 2 °C

36 Monitor status of this drive cycle -

37 Control module voltage V

38 Absolute load value %

39 Air-fuel equivalence ratio ratio

40 Relative throttle position %

41 Ambient air temperature °C

42 Absolute throttle position B %

43 Accelerator pedal position D %

44 Accelerator pedal position E %

45 Commanded throttle actuator %

46 Distance traveled with MIL on km

47 Time since trouble codes cleared min

48 Fuel type -

49 Ethanol fuel %

50 Long term trim O2 sensor, Bank 1, Bank 3 %

51 Long term trim O2 sensor, Bank 1, Bank 3 %

52 Engine oil temperature °C

53 Actual engine - percent torque %

54 Engine reference torque N.m
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Figure 2.4 shows the data collection process by Freematics data loggers. The

Freematic OBD data loggers were used to collect data from UAlberta 
eet vehicles

(Figure 2.4a). The capability of transmitting data to the server via cellular was the

advantage of this type of OBD data logger.

(a) The Freematics CAN data logger connected to UAl-
berta 
eet vehicles

(b) Schematic of data collection

Figure 2.4: Schematic of data collection and transmitting to the server

As shown in (Figure 2.4b), by leveraging the cellular connectivity of the Freematics

data loggers, the collected data from the UAlberta 
eet vehicles can be transmitted

to the network server in real-time, enabling live monitoring and analysis. At the same

time, it can be stored in the database. This allows for prompt identi�cation of any
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issues, monitoring of vehicle performance, and the potential for timely interventions

or decision-making based on the analyzed data.

A software platform was designed that consisted of both a back-end and a front-

end component. The back-end was responsible for handling the processes involved

in collecting data from vehicles and storing it in the database. The front-end was

focused on providing a Graphic User Interface (GUI) for visualization and live data

monitoring. The schematic of the data collection platform is shown in Figure 2.5.

Figure 2.5: The schematic of the data collection platform used in this thesis

Data Collection Platform (Back-End)

Figure 2.6 illustrates the schematic of the back-end process. Following this back-end

process, the collected data from the OBD scanner is e�ectively transferred and stored

in a database on the computer. This allows for further data analysis, modeling, and

utilization for various purposes, such as estimating fuel consumption or conducting

other data-driven investigations.

The OBD data logger collects data from the vehicle's OBD port and records it as

a Comma-Separated Values (CSV) �le on an SD card stored inside the device. The

collected data from the SD card is transferred to a server in the NINT building. This

data transfer is facilitated by programs such as Teleserver.exe, HubDataRetriever.exe,
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Figure 2.6: The schematic of the back-end software for the data collection platform
used in this thesis

and DatabaseUploader.exe, which are designed for transferring data from OBD read-

ers to the Structured Query Language (SQL) server and need to be run on the server

constantly.

Teleserver

Data from OBD devices is transmitted to the computer and stored using the Freemat-

ics Hub server. The data is stored on the server in TXT format, which can be retrieved

later using API commands. This program bridges the OBD scanners and the server,

allowing real-time data transfer at regular intervals.

HubDataRetriever

The HubDataRetriever program uses API commands to communicate with the Freemat-

ics Hub, a device that acts as a central hub for collecting data from various connected

devices. The API commands allow the program to identify the devices connected to

the hub. Once the devices are detected, the program determines which devices are ac-

tive and ready to transmit data. This step helps identify the devices from which data

will be collected. The program collects the most recent period of data from the active

devices. It communicates with each device using the appropriate API commands to

retrieve the data they have recorded. The collected data may include sensor readings,
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GPS data, or any other relevant information captured by the connected devices.

After collecting the data, the program saves it as a raw text �le in the \RawData"

folder. The raw data �le contains the unprocessed, original data obtained from the

devices. This allows for further analysis or processing if required. The program uses

the \DATAscanner.exe" �le, which is an executable or script, to process the raw data.

This processing step applies speci�c algorithms or transformations to the raw data,

converting it into a structured format suitable for further analysis or visualization.

Once the data is processed, the program saves it as a CSV �le in the \Processed

Data" folder. The CSV format enables easy data manipulation and compatibility

with various software tools and applications.

DatabaseUploader

This program is designed to monitor the ProcessedData folder for any new �les cre-

ated, modi�ed, or deleted. This is accomplished using a �le system watcher, which

can detect changes to the �le system in real-time. When a new �le is detected in the

ProcessedData folder, the program sends a series of SQL commands to the SQL server

to upload the processed data into the database. This involves parsing the CSV �le

and inserting the data into the appropriate tables and columns in the SQL database.

By automating this process, the DatabaseUploader program allows for e�cient and

reliable data transfer from the ProcessedData folder to the SQL database. This can

save time and reduce the risk of errors when manually uploading data to the database.

The three \Teleserver.exe", \HubDataRetriever.exe", and \DatabaseUploader.exe",

programs used for transferring the collected data from the OBD readers to the SQL

server, are set up to run automatically in case the university desktop restarts. This

means that the programs will start running independently without requiring manual

intervention. If any of these three programs crash, the RestartOnCrash software will

be used to restart them automatically. This ensures that the data transfer process is

not interrupted and all collected data is uploaded to the SQL server as expected. The

software also has a \show log" tab that can be used to view the time of the crash,
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which can help troubleshoot any issues that may arise.

Ensuring the security and protection of databases storing sensitive data is indeed

crucial. To address the concern of unrecognized Internet Protocol (IP) addresses at-

tempting connections to the database server, access to the server has been limited to

only de�ned IP addresses. This is a standard security measure known as IP whitelist-

ing or IP �ltering. IP whitelisting involves specifying a list of approved IP addresses

from which connections to the database server are allowed. Any connection attempts

from IP addresses not included in the whitelist are denied, e�ectively blocking unau-

thorized access attempts. By implementing IP whitelisting, the database server only

accepts connections from devices with IP addresses explicitly de�ned and approved.

Limiting access to the server to de�ned IP addresses reduces the risk of unauthorized

access, as only authorized users with recognized IP addresses can access the database.

This helps to prevent data breaches, theft of sensitive information, and other security

threats.

Figure 2.7 indicates that only authorized OBD data loggers with speci�c IDs (such

as ID: A0HLZJ1U and ID: A0HNZYJ0) have been granted access to the database

server. On the other hand, unauthorized devices with IDs like ID: A0HNZK3J and

ID: A0HN8K3U were denied access.

To maintain the security and integrity of the designed database, it is essential

to review and update the IP whitelist regularly. This will ensure that only autho-

rized devices are granted access and that any unapproved or unnecessary devices are

promptly removed. Additionally, monitoring database access regularly and keeping

security measures up-to-date to protect against potential threats is crucial. Imple-

menting measures such as encryption, user authentication, and data backups can

further enhance database security and ensure its integrity over time.

Once the data is uploaded to the database, it can be accessed by authorized per-

sonnel for further analysis. Data analysis techniques can include pattern recogni-

tion, driving cycle identi�cation, and other data-driven approaches to identify energy-
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Figure 2.7: The server IP �ltering

saving opportunities, optimize 
eet operations, and develop strategies for reducing

fuel consumption and GHG emissions.

The transferred data is stored in an SQL database on the server. SQL is a widely

used database management system that allows e�cient and organized structured

data storage in a relational database. Once the data is stored in the SQL database,

it can be processed, analyzed, and queried. SQL provides powerful tools for data

manipulation, including querying, �ltering, and aggregating data to derive insights

or generate reports.

It can be extracted as a CSV �le from the SQL database to analyze the data further.

These extracted data can be used for advanced analyses, visualization, reporting, or

integration with other systems or models (Figure 2.8).
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Figure 2.8: The back-end of the data collection platform used in this thesis

Data Collection Platform (Front-End) and Live Monitoring

In the data collection platform, the front-end component includes the usage of Freemat-

ics Hub as the telemetry and data server software. It facilitates the collection and

real-time upload of OBD and GPS data from the OBD data loggers. The OBD data

loggers, connected to the vehicles, transmit the collected OBD and GPS data to the

Freematics Hub. This data is uploaded to the server in real-time using a Wi-Fi or

cellular connection. Real-time data upload ensures that the most recent data is avail-

able for monitoring and analysis. To ensure data is uploaded whenever the OBD

devices have access to DEVNet, Freematics Hub should be running continuously.

This ensures that data is not lost or missed due to server downtime or other issues.

Maintaining an uninterrupted connection with the OBD data loggers makes the data

collection process reliable and consistent.

Freematics Hub is designed to be compatible with Windows and Linux operating

systems. It is lightweight server software that can be easily deployed on the chosen

platform. The operating system's choice depends on the deployment environment's

speci�c requirements and preferences. Freematics Hub provides an interface for mon-
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itoring and managing the collected data. This interface lets users view real-time data,

con�gure settings, and manage storage and retrieval. It may include visualizations,

data �ltering, device management, and system status monitoring. The Freematics

Hub interface (Figure 2.9) contains a dashboard and a map view, where the informa-

tion of the vehicles is presented.

Figure 2.9: Freematics Hub interface

The interface displays the vehicles as individual markers on a map, indicating their

locations. Additionally, real-time data such as vehicle speed, engine speed, fuel level,

coolant temperature, or any other relevant PIDs the vehicle provides can be shown

on the dashboard. The interface provides interactive features, allowing users to zoom

in or out on the map, select speci�c vehicles for detailed information, or apply �lters

to focus on particular data or vehicles of interest. This provides a comprehensive
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view of the real-time data collected from the vehicles and facilitates monitoring and

analysis of their performance and operational parameters.

2.2 Fuel Measurement Data Collection

Instant fuel consumption of selected vehicles was measured by installing an ultrasonic

fuel 
ow meter. The data was used for i) fuel consumption analysis (e.g., for start-

stop technology assessment) and ii) developing machine learning models to estimate

the instantaneous fuel consumption of a vehicle using real time OBD data. Here, the

installation of the fuel 
ow meter and special dual-channel high frequency CAN data

logger to collect vehicle data are explained. The schematic of data collection by the

CANedge2 data logger is shown in Figure 2.10.

Figure 2.10: Schematic of data collection by the CANedge2 data logger used in this
thesis

A CANedge2 data logger was used in this thesis to collect data from the vehicle

OBD and the fuel 
ow meter simultaneously. The collected data contains actual fuel

consumption and the related vehicle's OBD PIDs. This combined dataset can be
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used to train machine learning models to learn the relationship between the vehicle's

PIDs and the corresponding fuel consumption.

2.2.1 Sentronics FlowSonic Low Flow (LF) Ultrasonic Flow
Meter

A fuel 
ow meter is a device speci�cally designed to measure the 
ow rate of fuel

passing through it. It provides precise measurements of the amount of fuel consumed

by the vehicle. The fuel 
ow meter is installed in the vehicle's fuel line, between the

fuel tank and the engine. As the fuel 
ows through the 
ow meter, it measures the

volume or weight of fuel passing through per unit of time. This information is then

recorded to calculate the vehicle's actual fuel consumption. The actual fuel consump-

tion data is used for validating the machine learning models developed for estimating

fuel consumption and analyzing the e�ect of Tamb on the energy consumption of a

vehicle.

The Sentronics fuel 
ow meter (Figure 2.11) was selected for its 
exibility of use

with gasoline and diesel engines and absence of any physically moving components.

Ultrasonic fuel 
ow meters use ultrasonic waves to measure fuel 
ow without me-

chanical parts. This means they are more reliable and durable than traditional 
ow

meters with moving parts since they don't impose any restrictions on the fuel [44].

Figure 2.11: Sentronics 
owSonic LF ultrasonic 
ow meter
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This device has a measurement range of 0-1,000 ml/min, with an accuracy of 0.25%

of the reading and a resolution of 0.01 ml/min. The sensor can measure cumulative

and instantaneous fuel volume and mass and can be con�gured to sample data at

rates up to 10 Hz. To increase the accuracy of collected data, the 
ow meter was

set to collect data with a sample rate of 5 Hz. The technical speci�cations of the

Sentronics fuel 
ow meter are shown in Table 2.4.

Table 2.4: Speci�cations of the fuel 
ow meter used in this thesis

Parameter Value

Measurement uncertainty +/- 0.5 % of reading

Repeatability +/- 0.15 % of reading

Fluid temperature range -20 to +120°C

Tamb range -40 to +120°C

Measurement 
ow range 8 { 4,000 ml/min

Measurement rate Up to 2.2 kHz

Electrical supply voltage 8 V DC to 30 V DC

Fluid Compatibility Petrol, diesel, bio-diesel, ethanol, methanol

The settings of the 
ow meter were con�gured using a GUI application. This 
ow

meter was installed on the vehicle's fuel line, enabling it to measure real-time fuel

consumption accurately. Figures 2.12 and 2.13 illustrate the installation of the fuel


ow meter on the fuel line of the UAlberta 
eet vehicles.
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