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Abstract
Transport is responsible for nearly 30% of the EU’s total CO2 emissions, of which
72% comes from road transportation. The European Union, for the past few years,
has set a goal of reducing emissions from transport by 60% by 2050 in comparison
to the levels in the previous century. One way to reduce CO2 emission implemented
by the EU the past few years was to promote the idea of Eco-driving to the general
population. In this paper, with the data and experiments provided by GAMECAR,
we will analyze the effects of Eco-driving on car fuel consumption, identify 10 Ecodriving behaviors before estimating the impact of those driving behaviors on CO2
emission with machine learning.
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Introduction
Transport is a vital part of our modern economies as the quality of most of our life
depends on a modern, accessible and efficient transport system. The development of
the transport industry comes with costly environmental repercussions. Indeed, it
contributes heavily to air pollution, noise but most importantly to climate change.
According to the European Environment Agency, the transport industry is the
biggest source of carbon emission. It contributes to 27% of EU’s total carbon
footprint of with 70% are issued from cars [6]. Ergo, the European Union put a plan
focus on decarbonizing transport with a goal set towards ’net-zero’ greenhouse gas
across the euro Zone by 2050 [6]. It entails that the greenhouse gas emissions are
expected to be reduced by 24% by 2020 and by 32% by 2030 [23].
One solution implemented in order to reach that goal is the introduction and
promotion of eco-driving. Eco-driving could be defined as an attempt to change
people’s driving behavior through so-called advises such as shifting gears sooner,
driving at high gear with low speed, as smooth driving by anticipating traffic,
avoiding sharp acceleration or deceleration among other [8]. Those advices, through
the use of efficient and safe driving, theoretically lead to the reduction of greenhouse
gas emission,fuel consumption and of the number of road accidents [51].
The main objective of Eco-driving, compared to the basic method is to reduce
fuel consumption while not affecting the average vehicle speed. The intuition behind
developing such driving techniques comes from the mathematical relationship that
exists between the gas emission/fuel consumption and the machinery within the car
meaning that the more intensively we drive the more fuel we use [26]. It has as an
effect the reduction of the average fuel consumption without any repercussions on
the average speed of the vehicle. Consequently, there should not be any decrease
in the quality of the driver’s usual drive, but eco-driving should have a significant
contribution to environmental protection through the reduction of harmful emissions
but as well towards the driver’s yearly bill for fuel as a result [26].
The effectiveness of eco-driving depends on the ways experiments were designed,
on the type of evaluation methods used and on the external factors affecting the
drivers[60]. The fuel reductions prior and post eco-driving instructions in several
experiments shows a decrease in fuel consumption varying from 5% to 25% and from
10% to -05% depending on the type of road the vehicles are using such as highways,
urban road, off-roads etc [59].
The objective of this paper can be separated into two main tasks:
1. The ability to discover eco-driving behavior periods within a drive. Meaning
that using a route, we observe periods in which drivers followed or not eco-
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driving advices
2. The ability of machine learning models to predict CO2 emission based on the
above (eco-driving advises)
In summary, this paper aims to put in place a method that will enable the
identification of driving events and provide a way to quantitatively derive eco-driving
advises. The basic application of such advises can help drivers better comprehend
their driving behavior. On top of that, we will see based on those driving behaviors,
if we are able to derive the total CO2 emission at a particular time within a drive.
The organization of this paper would be as follow. The next chapter will introduce
the background research that led to the development of the above model. Then,
we will discuss the data collection and the methods applied to the dataset. In the
following chapter the result will be presented before ending with a discussion and
direction of future works.

1

Chapter 1

Literature review
With the goal of decreasing general CO2 emissions levels for a "greener" earth, we
observed a need for sustainable worldwide road transport. Consequently, there
has been an increased effort by most EU member states for the decrease of CO2
emissions and the promotion of energy efficiency in all sectors. It resulted in the
initiation of various projects to reach that goal, one of which was the promotion
of eco-driving. Eco-driving, as said before, are techniques that involve the use of
safe and smart driving style which leads to the reduction in fuel consumption, in
the number of road accidents, in greenhouse gas emission or in engine noise. In this
section, we will be exploring the type of work/research that has been done relating
to eco-driving. First, we will see how eco-driving has been implemented, then we
will mention the important components of eco-driving, before noting some research
issues and challenges we observed regarding eco-driving. This should give us a solid
base which we used to make our research.

1.1

Implementation of eco-driving

The application of eco-driving techniques can be divided in multiple ways. Here,
we will first be exploring how eco-driving was applied to operation level, choices of
vehicle and choice of route, then we will see what studies have been done for training
the drivers to be eco-drivers.

1.1.1

Operation Level

The operation level relates to the behavior of the driver during a drive [21]. There
has been a lot of advancements in that aspect that somewhat aimed at reminding the
drivers to drive sustainability. Ergo, a lot of focus has been put into implementing
devices that would provide real-time or trip-summarized eco-driving advices during
or after trips. It would allow drivers to adjust their driving behavior for the
maximization of fuel economy. An example of such a project is from the project
GamECAR whose data will be used for analysis. This EU funded project aimed
at motivating the promotion of eco-driving through a multiplayer gaming platform
giving the drivers the opportunity to set missions and invite others to participate
collaboratively or competitively.[10] [56] Through the use of visualization techniques
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such as Augmented reality, they managed to monitor the eco-driving score evolution
while providing the drivers with a personalized plan for improvement [55] [47].
Other applications about eco-driving have been developed and you can see the
illustration of few on them in figure 1.1. For example, we have a few android
applications that could display second-to-seconds eco-score ranging from ’bad’ to
’very good’. The previous result was based on three fuzzified variables which are
velocity, road slope and power consumption [29]. Going a step further there is a
smartphone application called DrivingCoach that could detect the users driving
behavior and pattern and then suggest new behaviors to reduce your fuel consumption
in real-time [9]. In here again 8 variables have been used in a fuzzy way to provide
feedback on the user’s driving.
Another implementation of operation level apparatuses is a device that allowed
the introduction of eco-driving feedback which provided real-time trip emission
information [17]. It basically used a color scheme to show real-time feedback of both
the fuel consumption and CO2 emission. This information displayed on a dashboard
showed features like average speed, travel time, fuel consumption levels along with
the C02 emission. The results of such devices on a small sample of drivers within a
city showed an average improvement of fuel economy by 6% [21] [26].

1.1.2

Vehicle Choice

The vehicle choice relates to the type of vehicle you are driving and the emission
levels produced by the energy released by its motor and the equipment present
within the vehicle. So before buying a car, knowing if a particular car is friendly,
plays a major role in the driver’s potential consumption levels. A lot of policies and
regulations have been implemented by the EU over the past two decades to provide
a more eco-friendly automobile market. The definition of eco-cars is:
• Vehicles with alternative fuels such as ethanol with energy consumption:
– 9.7 m3 CNG/100 km
– 9.2 l/100km
– 37 kWh electric energy/100 km
• Vehicle with conventional fuels (hybrids included) with CO2 emission less
than:
– 120 g/km
– PM < 5 mg/km for diesel-powered vehicles
[54]
A lot of governmental policies have been used pushing consumers towards buying
a more eco-friendly car. For example in the EU, if the average CO2 emission of a
car exceeds the maximum C02 threshold in a year, the manufacturer has to pay a
fee called excess emission premium for every car registered in the market [1]. That
fee varies from :
• €5 for the first g/km of exceeding

1.1 Implementation of eco-driving
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(a) CarbonDiem

(b) Green Meter

(c) Fuel Good

(d) Eco Drive Speedometer

Figure 1.1. Sample of ecodrive mobile applications

• €15 for the second g/km
• €25 for the third g/km
• €95 for each subsequent g/km.
[1]
In Japan, the central government imposed tax incentives called the Green Tax
Scheme for buying low emission and fuel-efficient cars which are identified as such by
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a certification process[54]. In Germany, measures to promote electric mobility have
been put in place. Such measures include a tax break for zero-emission vehicles as
well as policy measures such as special lanes or parking spots for zero-emitting cars.
In Sweden, an incentive scheme that depends on several performance parameters
has been applied. As a result, a person may get up to 1100€ for the registration of
an eco-car meeting certain environmental criteria.
Besides the benefits various government started to implement when buying a new
car, other factors should be taken into consideration concerning the vehicle choice.
Things like vehicle weight, tire pressure, aerodynamic drag, and vehicle maintenance
should affect the driver’s decision into acquiring a particular car. Indeed vehicle
weight should be minimized as the lighter the car is, the less energy is required
to move the car which translates into lower fuel consumption. The same principle
goes about the general maintenance of the car and its components may reduce fuel
consumption. On top of everything, minimizing aerodynamic drag, like closing fully
the windows or avoiding to put external cargo, will decrease the resistance the air
has on the car ergo decreasing the amount of energy required during the drive [32].

1.1.3

Route Choice

Route planning relates to planning what road to take before the drive taking into
account things like traffic congestion, time of the day, etc. [21]. Map applications
such as Fueoogle were developed to address the route choice. It uses a participatory
sensing service that maps vehicular fuel consumption to enable drivers to figure out
the most efficient route for their vehicles between two endpoints [49].
With more recent implications, the term eco-route has been put in place which
purpose is to recommend the driver’s cost-effective routes in real-time. It is based
on the hypothesis that one can decrease time traveled in order to maximize lower
fuel consumption [35]. The obtention of those eco-routes has been done through
various techniques mainly using graph theory principles where the nodes represent
junctions, the edges are roads and the costs are estimated by the energy/fuel needed
in order to travel between two connected nodes [35].
Eco-routing navigation systems have now been developed in order to full-fill
that purposed [16]. They are composed of the connection to a Dynamic Roadway
Network database, which is a roadway network integrating real-time and historical
information about traffic from various data sources with the help of an embedded
data fusion algorithm. Those are paired with an emission parameter set which is
defined as a compilation of emission factors for different types of vehicles, road
characteristics, and conditions of traffic. The third component would be the routing
engine which is the optimal shortest path algorithms used for route calculation
paired finally with a user interface that receives and display route information to
the users.

1.1.4

Training

The goal of an eco-driving training program is to train experienced or new drivers
to become sustainable drivers. In order to do so various strategies and studies have
been put in place in order to test the efficiency of the training programs. Fig ??
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summarizes a series of published eco-driving training programs and their effect on
fuel consumption before or after straining. Generally, we can see that those training
programs help reduce fuel consumption by 2-15%, which depends on the type of
program [32]. This variation is mainly due to the fact that each training program is
different and varies in terms of strategies, driving conditions, country, etc. [30]
The programs are usually divided into 3 steps which are theoretical training,
practical training and the combination of both. For instance, a study shows the
effect of simple advice and eco-driving training and how it changes driving behavior.
As a result, it showed that the fuel consumption decrease by about 12% when given
simple eco-driving advice which was higher than the full eco-driving training which
experiences a decrease of 11% [22]. Another study compared the effectiveness of
online learning and hard-copies, of the later and 2 hours of driving lessons, of the
online learning and 1.5 hours of driving, of the combination all the previously cited
and finally on online learning and half a day workshop [33]. The result showed that
all the above 5 actions had effects on fuel economy but no significant difference
between them [33].
Another paper compared the results of two eco-driving strategies that are an
in-car feedback system and a feedback system with a personal trainer. The results
concluded that both strategies resulted in a fuel saving of about 6.8 % but no
difference was observed between the two strategies [53]. Controversially, another
study reported that solely theoretical training did not have any effect on either the
short term nor the long-term driving behavior, it stated that practical training is
absolutely necessary [50].
In general, the results obtained by most studies are usually recorded straight
after a set experiments which usually shows a positive outlook. However the long
term studies show that the eco-driving skills tend to disappear over time. It is mainly
due to the fact that it is generally very hard for someone to change their driving
habits, especially if one has been driving a particular way for years [32] [2] [12].
Additionally other factors influence fuel consumption, ergo the training result
may be affected by it. We will go through those factors later in the paper. A
survey showed that eco-driving practical learning were more effective than high level
of theoretical learning or motivation [39]. Additionally, eco-driving training was
more efficient in city rather than in highway and received better result for manual
transmission rather than automatic transmission cars [12].
On average, most studies were made for existing experienced drivers with very
few considering new learning. The ECOWILL European project was such a study
that focused its effort on new drivers for a period of 3 years in 13 different European
countries [27]. That training program provided eco-driving seminars for both
experienced an new comers. The new drivers were taught standard driving techniques
that include the golden and silver rules of eco-driving. The ECOWILL project aimed
at educating 10 million learner and beginner drivers with the principles of eco-driving
and the long lasting benefits sustainable driving has. By the end of the project, the
European Commission made eco-driving a mandatory component of the driver’s
test in all states in the European Union[27]. As a result, studies have shown that
eco-driving, for learners has been instated and shaped through their education
whereas for the experienced drivers, their understanding was broader which included
strategic to tactical decisions [?].
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Figure 1.2. Efficiency of various training program on fuel reduction [32]
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Eco-Driving Standards

Eco-driving is made up of a fair amount of components that are used to establish
rules regarding driving style. The project ECOWILL is a EU wide project whose
main goal was to widen the implementation of eco-driving techniques for both
learner drivers and licensed drivers established the so-called golden and silver rules
of driving. They are considered as smart and safe driving techniques which can lead
to significant fuel savings [27]. In this section, we will explore what are the golden
and silver rules of driving and why implementing them may save fuel consumption
according to various research.

1.2.1

Golden Rules of Eco-driving

The Golden rules of eco-driving are the 5 most important eco-driving tips in other to
decrease fuel consumption [27]. They are generally considered key and are considered
as follow [27]
1. Greater anticipation
The idea behind anticipating traffic is based on the idea of constantly (as much
as possible) keeping a smooth driving style. Ergo anticipating potential events
by looking and paying attention to the traffic stream will decrease the amount
of forceful breaking and avoiding unnecessary acceleration [52].
2. Maintaining a steady RPM at Low Speed
Diesel engines reach usually their optimal level of efficiency at lower engine
speeds, so a maximum engine speed of 2000 rpm for up-shifting is recommended.
For a petrol car, it is usually at around 2500 rpm [37].
3. Shifting up early
A study even showed that the fuel consumption at the same average driving
speed can be increased up to 20% only because of the variation in the way of
gear shifting. Figure ?? shows a study made by Volkswagen where generally
driving with higher gear is more fuel-efficient [14].
4. checking tire pressures frequently
It is advised to keep tire pressure at the recommended manufacturer’s levels
because low tire pressure reduces gas mileage. One study even showed that
keeping optimal tire pressure can reduce 40% of vehicle emissions [43].
5. Removing all unneeded ancillary loads
It is generally known that as mass increases more energy will be required for
acceleration and driving at a constant speed. Indeed studies have shown that
for every 100 kg of extra load, fuel consumption increases up to 7% with an
average estimate in the order of 4%. Additionally, having boxed roofs or towing
a trailer can increase fuel consumption by 20% to 37.2% respectively because
of additional conditions such as increased air drag and rolling resistance[61].
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Figure 1.3. Volkswagen’s Study on Fuel Consumption level at 50km/h and 90km/h at
different gears

1.2.2

Silver Rules of Eco-driving

The silver rules of eco-driving are important eco-driving tips that could be followed
for a lower fuel consumption
1. Choosing low emission car
Since 2003, the technologies within the vehicles such as the powertrain, fuels,
transmission or the emission control devices have been significantly upgraded.
Low emission vehicles complying with current emission regulations have been
built with advanced emission control technologies such as diesel particulate
filters, selective catalytic reduction, three-way catalytic converters and contain
sophisticated electronic systems to monitor engine operations. [21]
2. Avoiding short car trips
More than half of all car trips are less than 5 km long. If we consider the
individual driving patterns and constraints, in principle, walking, cycling or
even taking public transportation could technically substitute up to 41% of
short car trips a study has shown. This short car trip reduction could lead to
a decrease of 5% from car travel [44].
3. Start engine when you are actually about to leave
Even though motor vehicles perceived as using a trivial amount of fuel compared
to a moving vehicle, we do not need to be running the engine a long time
before we leave for a trip. Indeed, a study showed that vehicle may use up to
100 ml of fuel every 10 mins while idling [36].

1.3 Components of Eco-driving
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4. Turn off the engine if stationary for a long period of time
Similarly to the previous silver rule, and the engine simply running is still using
fuel thus turning it off when stationary for a long period of time is advisable.
5. Use low friction oil and low energy tires
The idea behind low friction oil is that it reduces the friction between surfaces
in mutual contact. Using low friction oil has shown to reduce fuel consumption
by 3-5% a study showed [7].
6. Close windows when driving fast
Driving with an open window increases aerodynamic drag, which as a result
increase power consumption and fuel consumption. Studies have shown that it
is more economical to drive under closed windows with air conditioner rather
than with open windows [27] [62] [61].
7. Check car regularly
checking the state of the various equipment within a car and keeping them at
an optimum level of performance can potentially decrease your general levels
of fuel consumption up to 5% [62].
8. Consider alternative way of transport such as cycling, walking. public transportation etc. [27]

1.3

Components of Eco-driving

When we think about the components of Eco-driving, we are referring to the
main driving behaviors, during or before a journey, used in order to decrease fuel
consumption and emissions. In this section, we are going to explore some literature
results that are related to the vehicle speed, the acceleration and deceleration, the
vehicle accessories, the type and choice of route, the type of fuel, the effect of weight
and other general characteristics that may affect the fuel consumption.

1.3.1

Vehicle Speed

One of the golden rules of eco-driving was to maintain somewhat a constant speed
by applying smooth driving techniques. However, this is theoretically impossible
to do in real life due to the number of unpredicted events happening while driving
such as the traffic signals, the speed limits, the level of fatigue the driver’s suffering,
the slope of the road and all the like. Ergo, it is often recommended to drive below
the speed limit [32]. Indeed, many studies have showed that based on the slope of
the road [25] [32], the signal on the roads [31] and the congestion levels on the road
[58], that keeping your speed below the limit would allow the drivers to drive more
smoothly which will have significant impact on your fuel consumption.
Cruise control, whenever possible and available, is also recommended to be used.
In this context, we cannot establish a proper basis to which speed should cruise
control be set regarding fuel economy since each Internal Combustion Engine has its
optimal speed for fuel economy. Thus, fuel consumption varies depending on the
cruising speed. This means that the fuel consumption driving at cruising speed is
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U-shaped; fuel consumption first decreases with the engine speed through reduced
heat losses, reaches the optimal point then increases because of the increased friction
loss [?].
Studies have shown that on average, the optimal cruising speed range between
50-90 km/h. It is suggested that fuel consumption increased significantly with speeds
over 90 km/h, meaning that a car would use up to 25% more fuel when cruising at
120 km/h than at 90km/h [5].
In terms of policies, since driving a bit below speed limits helps save fuel, the
European Environment agency did estimate that reducing the speed limits within
a motorway from 120 km/h to 110 km/h, may help reduce significantly fuel level
consumption by 12% for diesel cars and by 18% for gasoline car, assuming 100%
compliance to speed limit and smooth driving style. On top of that, we will observe
a decrease in other pollutant gases such as NOX and PM emissions [32] [6].
However, achieving the above is not an easy task as we do not live in a perfect
world. The improvement of people understanding about the benefits and cost of
driving generally at a suitable speed, through training programs mixed with tighter
road enforcement, should help reach the above-mentioned goals.

1.3.2

Vehicle Idling

The golden and silver rules of eco-driving generally state that idling should be
minimized. Indeed, as previously described, a typical car uses up to 100 ml of fuel
per 10 mins of idling [36]. In the US, it is estimated that about 11.2 billion liters of
fuel were wasted annually by car in idling state. Another way of looking at it is that
removing all idling states would be approximately the same as taking off 2.5 million
cars off the roads [48].
Various techniques are used to decrease the idling period. Those techniques
may or may not entirely be controlled by the driver. First, as previously said in
the silver rules of eco-driving, being idle in congestion could be avoided through
proper route planning, anticipation, and smooth driving [27]. But first, through an
efficient training program, people’s understanding of how and what idling is must
change. For example, modern cars do not need to warm up the engine. The optimal
temperature will be reached quicker by simply driving the car and that applies for
cold climate. Most manufacturers suggest driving off gently for about 30s to warm
up the engine [20].
In addition to that, most modern cars do not get damaged by being turned
off and on. A 20-second idling has more fuel consumption than a stop - turn off
the engine - restart uses [20]. However, surveys have shown at least 80% of the
respondents thought that staying idle for more than 30s was better than turning off
the engine and more than half of the respondent believed that letting the engine
running for about 2 minutes before a start (longer during cold periods) was a good
habit [38]. As a result, a lot of fuel is being wasted just by outdated knowledge
about cars. This is toppled by the fact that a recent survey showed that most people
knew about eco-driving and had positive views about it, but their knowledge about
specific fuel economy behavior was low [38].

1.3 Components of Eco-driving

1.3.3
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vehicle Acceleration/Deceleration

The acceleration refers to the increase in vehicle speed. The golden rules of ecodriving advise avoiding sharp acceleration or deceleration which means a general
reduction in aggressive driving style. A study in the US showed that aggressive
driving could increase fuel consumption by about 15 - 25% in highways and for about
10-40% in a stop-go situation [54]. It is suggested that drivers should do their very
best to avoid the aggressive type of driving by keeping a proper distance between
the various cars, by driving smoothly and by anticipating the flow and the road
ahead[32].
Controversially, other studies have suggested that driving more aggressively to a
particular optimal speed might be more fuel-efficient. For example, in Sweden, an
eco-driving program advised buses do accelerate strongly and earlier, at the expense
of passenger comfort [2].
The effect of anticipating traffic properly allows us to change gear more efficiently
and thus avoiding any unnecessary acceleration or braking. Driving aggressively
produces a lot of additional pollutants such as CO2, HC NOx, etc. [28] [21] [57] A
study showed that by reducing your speed in highways, one can potentially save the
same amount of fuel as reducing acceleration during a full drive session [41]. Yet, on
an individual basis, it was suggested that drivers with aggressive tendencies reduce
the sharpness of their acceleration whereas drivers with less aggressive tendencies
reduce their speed in highways [41].
Using low engine speed and a moderate throttle position has been a good
acceleration strategy [54]. Indeed a study recommended using smooth acceleration
to reach high gears and the target cruising speed through the use of the throttle
position not going above 45 degrees out of 90 [13]. A similar principle applies to
the deceleration. Indeed, applying smooth deceleration by pressing the engine break
without changing gears if possible was recommended.

1.3.4

Vehicle Mass

Vehicle mass is another important component of eco-driving. Indeed the heavier the
vehicle the more energy is required to move it making fuel consumption increase as
mass increase. As previously said in the Golden rules, every 100 kg of added weight
increases the fuel consumption by 7 %. Besides adding extra load on the rooftop or
in the trunk, another interesting factor adding some variation on the vehicle weight
is the number of passengers within the car. The mean passenger weight is about 75
kg, and the amount of equipment within the trunk depends on the purpose of a trip
which can range from a few kgs to 100 kg [61].
The occupancy rate is the number of occupants within a car, driver included [4].
Since we have an average occupancy rate of about 1.6 in Europe adding a mass of
45 kg and if we add another 10 kgs for the equipment present within the car, we end
up having a 50-60 kg of extra load. And if we take the about ratio of 7% increase
for every 100 kg, we end up having a 4% increase in fuel consumption.
Table ?? shows the increase in fuel consumption based on additional mass from a
few studies. We can observe a trend in which there is an increase in fuel consumption
as more mass is added to the car. However, the average occupancy rate in Europe
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has decreased from 1.75 in the 80s to around 1.6 now [4]. The trailers and the
luggage on the road contribute as well to the increase in mass and fuel consumption
as they mess with the Aerodynamic properties of the car.
Aerodynamics is defined as the design and shape of the car and its projected
frontal area. A car can pierce through the air and to minimize the amount of
resistance the air is putting on a car while driving. Any modification to that frontal
shape will increase the aerodynamic resistance, hence increasing the fuel consumption.
For example, studies have shown that fuel consumption increases for about 5% when
adding boxes on a roof, 5.1% for open windows when driving at about 130km.h, 2%
due to the effect of side-winds [61].

Figure 1.4. Increases in fuel consumption due to additional mass [61]

1.3 Components of Eco-driving
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Type and Choice of Route

The type of road is another factor contributing to increasing or decreasing fuel
consumption. Indeed different types of road surfaces and the quality of that surface
can influence fuel consumption by 2%. Additionally, the slope of the road is known
to affect fuel consumption up to 18% for slopes higher than 2% [61]. Even though
fuel consumption is reduced during downhill driving, the consequences of driving the
same road uphill and downhill have on average a negative result on fuel consumption.
Looking at the geomorphological properties of the road, we realize that things like
the slope, the shape, and the altitude have the most impact on fuel consumption [61].
Indeed at high altitude, there is a lower aid density which decreases the aerodynamic
resistance. Yet, in a mountainous road, we will observe more sharp corners or turn
and a higher road slope. Riding up a hill, meaning with a road with a positive slope
will increase the fuel consumption as more power will be needed to move the vehicle
[16]. The opposite is true.
Table ?? shows the results of the above, through and experiment. 2 runs have
been done on 4 different types of roads; one route went Uphill then downhill and the
others went up and down followed with a flat flow. Looking at the figure we realize
that there is an increase of fuel consumption by about 15-20% one the route that was
going uphill then downhill, on a road averaging a slope of 4-6% [16]. Another road
aspect to take into account is the quality, the texture, the roughness and materials
the road was made up, all have some kind of effect on how the car behaves ergo on
fuel consumption [61].
Additionally, road traffic hurts fuel consumption. Indeed if we take into account
the number of start, stop, traffic signs, and all the stress of driving in a city, we could
experience an up to 50% increase in fuel consumption [26]. The research presented
in Table 1.1 shows a few papers that did experiments on that.

1.3.6

Type of Fuel

Fuel types are highly regulated through some corresponding standards. It is usually
made of different types of hydrocarbon or organic compounds. The composition
of the fuel differs based on the geographical regions, the availability of a certain
blend or the time of the year [34]. Over the past decade, we have seen the rise of
the so-called biofuel which can act as a healthier alternative to the standard fuel
than are being used. Indeed, using biofuel could significantly decrease the driver’s
carbon footprint, however, during actual travel, drivers may experience an increase
in volumetric fuel consumption. Indeed, literature has shown that the increase in
volumetric fuel consumption (l/km) from different types of biofuels range from 2%
[11].
The level of CO2 emission and even fuel consumption are established during the
certification test of a car using a specific fuel. However, the fact that there exist
different blend of fuel may affect the engine in different ways, possibly affecting the
consumption. For instance, Biodiesel has as benefit a reduced life-cycle GHG intensity,
yet the drivers may experience an increase in the volumetric fuel consumption,
meaning that the engine was a bit less efficient [61].
Studies have shown that the average CO2 emission for any type of trip or
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Figure 1.5. Fuel Consumption according to different type of road slopes [61] [16]

1.4 Research Issues/Challenges
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vehicle is about 158 g/km. As shown in the table, with normalized data, obviously
traveling between cities is the activity consuming the most fuel, followed by the
urban environment than long and short distance travel. This trend does not change
based on the type of fuel used [61].

Figure 1.6. Fuel Consumption according to different type of fuels [61] [16]

1.4

Research Issues/Challenges

The application of the methods of eco-driving is mainly done into two-phase: the
first one is through the gain of the theoretical knowledge of how, when and why
to apply those advices and the second one is through practical on-road training.
Over the years, many experiments have been tried and interestingly, they have all
observed a decrease in fuel consumption.
The results of the experiments run in the past in table 1.1 show the effect obtained
on fuel consumption through various methodologies, year and road type. We observe
a general decrease in fuel consumption indicating a positive result. Indeed, all of
those experiments show that there is a great advantage in implementing eco-driving
and integrating eco-driving as a solution to decrease fuel consumption.
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Table 1.1. A summary previous eco-driving experiments and results on fuel consumption
[59].
Year of Publication
1999
2003
2007
2008
2011
2012
2013
2013
2015
2015

Road Type

Methodology

Fuel Consumption (fc)

Mixed type
Mixed type
15 km route
Mixed type
City and highway
70 km Mixed type
Mixed type
16 km urban road
Mixed type
Mixed type

Results compared after instructions
86 drivers; results compared after instructions
3 bus drivers
300 drivers; results compared after training
20 drivers; results compared after 2 weeks, receiving instant feedback
20 drivers; results compared before and after training
After training; results compared after one month
54 drivers; results compared after 6 weeks
116 drivers; pre-test, 30 min training, re-test
91 logistic drivers

−10.90%
−8% with fc monitoring and −1.2% without
10–15%
−25% short term, −10% long term
City −6%, Highway −1%
−11.3%
−1.7 kg CO2 emissions per day
−6.80%
Less than −10%
No effect

However, we do not yet fully understand nor able to predict the effect of ecodriving in the general population. Indeed, most of the experiments were set under
some very specific setting with driving performances varying based on the drivers,
the road type among other factors. For example, experiments in 2011 presented
in table 1.1 states that eco-driving performances are more effective in cities rather
than in highways [15], but almost half of the drivers already practiced eco-driving
[59], meaning we cannot derive the true effect of the eco-driving performance as we
have lost the baseline on that experiment. The following experiment in table 1.1
shows an experiment made in 2012 in a 70km mixed type of road. The result of
that experiment shows a general decrease in fuel consumption by 11.3% [22], yet
the road type and the type of vehicle used were different meaning that their results
cannot be compared.
Another problem with some research is that most of the experiment setting
was done over short distances with controlled or reduced traffic which consequently
reduced the number of external elements that may affect the driver’s drives. This
means that certain of the result presented in some research ignores the influences
that real traffic has on the drivers mindset[59]. Ergo, even tho there is a general
decrease in fuel consumption under a very specific setting, those results may not be
valid under real-life situations as they do not take into account the driver’s stress
endured under real-life conditions.

17

Chapter 2

Methods
In this chapter, we will be exploring how the data was obtained, then we will
elaborate on the preprocessing and feature engineering applied to the data before
going through the method used to predict the CO2 levels.

2.1
2.1.1

Data
Experiment Setting

The initial dataset was obtained through the same type of experimentation in 3
different test sites (CTAG, IFSTTAR and Leeds). The experiment followed the
following settings:
1. Each test site recruited 24 participants
2. Participants divided into 4 group of 6
3. Each participant drove 6 times
(a) Fist two drives done without any advices
(b) last four drives done with eco-driving advices
Those drives were saved into CSV files that were corresponding to one trace.
Those files were saved with the following nomenclatures
X − Gi − P j − Dk − Ln

(2.1)

where X is the test site letter (C for CTAG, I for IFSTTAR and L for Leeds),
i is the group number that ranges from 1 to 4, P is the Participant and j is the
participant number that ranges from 1 to 6, D is the test drive and k is the test drive
number that ranges from 1 to 6 and finally l is the logging number. For example,
I-G1-P4-D2-L1 will be the trace saved on the spark server corresponding to a drive
made in the IFSTTAR location for participant number 4 from group number 1
driving his/her fourth drive.
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2.1.2

Data Collection

The data collection had two main sources of input. One set was derived from the
vehicle itself and the other one derived from a sensor attached to the driver.
The vehicle data contained information on the CAN bus data that was provided
by the OBD-II adapter of the vehicle. That data included:
• Throttle position
• Vehicle Speed
• Intake Air Temperature
• Engine revolutions per minute (RPM)
• Short term fuel trims
• Fuel type, consumption and tank levels
• engine coolant and oil temperature
Besides the vehicular data, we will be monitoring the driver as well to somewhat
get the stress levels the driver is under at a given point in time. To do so we are
going to be using a Fitbit or the Spire which will provide information about the
heart rate, the respiration rate, and the muscle activities.

2.1.3

Equipment

Since we needed two sets of recording, one that takes information about the car
itself and the other one takes information about the driver’s state. Here are the
various software and hardware setup.
1. Software
(a) Sparks mobile app for data logging
(b) CTAG app for observer protocol
2. Hardware
(a) Heartbeat sensor (Xiaomi Mi Band)
(b) OBD II Bluetooth reader
(c) Android nomadic device and accessories

2.1.4

Test Route

Three different test sites were used, one in England in Leeds, one in France in
Versailles, and the last one in Spain in CTAG in this section we will give more details
about the various routes used.

2.1 Data
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Figure 2.1. System Architecture for data collection [45]

Leeds University route
The Leeds university route was the test drive made in England. The route is about
20km long with very little traffic. It takes approximately 35 min to fully complete
it. The vehicle speed in this route ranges from 50 km/h to 100 km/h on the rural
and secondary roads respectively. The route is originally selected due to the high
pedestrian activity and sections of free-flowing activities. There were various types of
slopes as well as a lot of traffic lights and roundabouts. The route can be visualized
in figure 2.2
IFSTTAR Route
The IFSTTAR route is the test site used in France. It is about 16km long and takes
between 30 to 40 mins to complete. The driving is quite dense in some sections. This
route has been selected because it represents different types of driving conditions
that include city driving, highway driving, and interurban hilly road. The detailed
route can be seen in figure 2.3 with colors representing the intensity of the traffic.
CTAG Route
The CTAG is the test site used in Spain. It lasts about 40 mins and is 15 km long.
Like the IFSTTAR route, it is composed of various section that includes city driving,
highway driving and interurban hilly road

2.1.5

Vehicles

The IFSTARR test site failed to report the type of car used. The Leeds university
test site used a Hyundai i30 for all the trips and all the participants. The CTAG
test site used two different vehicles, a Citroen Xsara Picasso and a Renault Scenic.
The main characteristic for the Citroen are:
1. Power: 90 HP
2. Type of gearbox: Manual
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Figure 2.2. Leeds test route

3. Gearbox (number of gears): 5
4. Maximum speed (km/h): 175
5. Acceleration 0-100 km/h (s): 14.5
6. Acceleration 0-1000 m (s):
7. Urban consumption (l/100 km): 7.0
8. Extra-urban consumption (l/100 km): 4.6
9. Average consumption (l / 100 km): 5.5
10. CO2 emissions (g /km): –
The main characteristic for the Renault are:
1. Power: 130 HP

2.1 Data
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Figure 2.3. IFSTTAR (France) test route

2. Type of gearbox: Manual
3. Gearbox (number of gears): 6
4. Maximum speed (km/h): 192
5. Acceleration 0-100 km/h (s): 9.6
6. Acceleration 0-1000 m (s) 31.2
7. Urban consumption (l/100 km): 7.3
8. Extra-urban consumption (l/100 km): 5.2
9. Average consumption (l / 100 km): 6.0
10. CO2 emissions (g /km): 159

2.1.6

Test Drivers

The participating driver’s age varies from 23 years to 59 years old across all test
sites. The UK test site drivers are slightly older than the French and Spanish ones,
but all three test sites driver’s ages are relatively normally distributed.
The driving experience was another factor taken into consideration. Indeed the
annual millage on average for all the drivers within the test site was 8291 for the
UK, 10635 in France and 17 587 in Spain. Important to note that the test site in
Spain had the younger test drivers.
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Figure 2.4. CTAG (Spain) test route

2.2 Data Pre-processing

2.2
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Data Pre-processing

During the data pre-processing step, a file was created containing general information
about the various trips. Table 2.1 represent the information file allowing us to
navigate through the various trips and trip information. That table contains the file
name with the above nomenclature giving us the kind of trip it was, the location of
the file corresponding to the physical location where the trip was made, the duration
of the trip corresponding to how long the trip was, the name of the non-empty
(active) and empty variables.
Table 2.1. Sample of the information table
File
./data/I-G4-P4-D5-L1.csv
./data/I-G4-P4-D6-L1.csv
./data/I-G4-P5-D1-L1.csv
./data/I-G4-P5-D2-L1.csv
./data/I-G4-P5-D3-L1.csv

Location

Duration

Non-Empty Variable

Empty Variable

IFSTTAR - Satory, 12, Allée des Marronniers, S...
IFSTTAR - Satory, 12, Allée des Marronniers, S...
Circuit de Versailles-Satory, Satory, Versaill...
IFSTTAR - Satory, 12, Allée des Marronniers, S...
IFSTTAR - Satory, 12, Allée des Marronniers, S...

00:33:28
00:33:13
00:28:45
00:26:58
00:29:29

[’throttlep osition0 ,0 longitude0 ,0 shortt erm...
[’throttlep osition0 ,0 longitude0 ,0 shortt erm...
[’throttlep osition0 ,0 longitude0 ,0 shortt erm...
[’throttlep osition0 ,0 longitude0 ,0 shortt erm...
[’throttlep osition0 ,0 longitude0 ,0 shortt erm...

[’fuelt ype0 ,0 f uell evel0 ,0 f uelc onsumption
[’fuelt ype0 ,0 f uell evel0 ,0 f uelc onsumption
[’fuelt ype0 ,0 f uell evel0 ,0 f uelc onsumption
[’fuelt ype0 ,0 f uell evel0 ,0 f uelc onsumption
[’fuelt ype0 ,0 f uell evel0 ,0 f uelc onsumption

At the end of the experiment, we were supposed to have about 432 trips coming
from all test sites. Upon receiving the data, 10 trips were removed from the IFSTTAR
test site, 120 from the Leeds test site, and we had to ignore all trips from the CTAG
test site. From the test site from IFSTTAR, trips were removed due to empty content
or because the variable "Throttle Position" was constant during all recordings. For
the CTAG test site, a similar reason why all trips were ignored and not received in
the place.
The trip data are made of several features coming from the car’s sensors and
other connected components (android phones and bracelets). The prepossessing
steps consisted of 2 major part which is the data integrity and the data frequency.

2.2.1

Data Integrity

The data integrity consists of checking the so-called quality of the data by checking
the various inconsistencies present within a trace. Indeed, we will verify the presence
of outliers and checking the validity of the data within a trip.
Before considering a file as valid and adding its information content to the
analysis apparatus. We do an integrity check that consists of the following steps:
1. Check for the duration of trip: Most of the trips are about 40-mins long on
average, an hour-long at most. Ergo any trips that are below 20 mins or above
an hour-long will not be considered as they may have been tempered or will
not reflect the true drive according to the circuits.
2. Check empty or constant columns: Most of the traces were filled with empty
variables. Indeed, the equipment failed to capture the readings from all the
sensor or the readings were constant. For example, the CTAG throttle position
or the fuel tank level were had constant values. Those type of trips were
removed from the final analysis
3. Imputation missing value with low ranked SVT imputation or filled based on
the previous value
4. Remove the Outliers within the variables.
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SVT Imputation Procedure
Singular Value Thresholding [46] is a technique that has been used in Exact Matrix
Completion. The matrix completion allow us to solve nuclear norm minimization
problem and by extension problem in the form of
minimize

|| X

(2.2)

subject to A(x) = b

where A is a linear operator on the space of n1 × n2 matrices and b ∈ Rm . This
algorithm is well suited for problem of large size problem in which solution has
low rank. This above algorithm will then be sketched in the matrix completion
setting. Let PΩ be the orthogonal projector of the amount of matrices outside Ω in
a way that (i, j)th component of PΩ (X) = Xij if (i, j)inΩ and 0 otherwise [19]. The
problem will then be expressed as
minimize

|| X ||

(2.3)

subject to PΩ (X) = PΩ (M )

[19] where of optimization variable XinRn1 Xn2 . We will then fix τ > 0 and a
sequence σkk>=1 as scalar step sizes. Ergo, we start from Y 0 = 0inRn1 Xn2 , the SVT
defines
(

X k = shrink(Y k−1 , τ )
Y k = Y k−1 + σk PΩ (M − X k )

[19]

(2.4)

until a stopping criterion is reached. The shrink function in corresponds to a
nonlinear function that applies a so called soft threshold rule of τ on the input matrix
singular values. The larger τ is, the sequence X k will converge to a solution that
minimise 2.3. So at every step of the algorithm, we compute at most one singular
value decomposition and perform basic matrix operation[19].

2.2.2

Data Frequency

The other trip prepossessing is the downsampling of the various values. The reason
why we need to do that is since the different sensor readings had different timestamp
values attached to them. Indeed, they were emitting in a range of milliseconds to a
few seconds depending on the type of sensor which created a lot of empty values.
To deal with that problem, we decided to downsample the various readings from
milliseconds to seconds. The new readings would be equal to the average reading of
the millisecond’s values within a particular second.
Doing this allowed us to synchronize the various feature within our dataset. SVT
was then used to impute the missing values.

2.3

Feature engineering and driving behavior discovery

After doing the prepossessing and the data exploration (the result will be shown in
the next section), we went on an added few features. The first important feature
added is the CO2 emission rate along with 9 driving behavior events.

2.3 Feature engineering and driving behavior discovery

2.3.1
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CO2 Emission

Since the dataset did not contain any CO2 readings; we needed to figure out a way
to estimate it. Thankfully, there exists a relationship between the speed and the
acceleration, along with the power demand for the car that gives us an estimation of
the CO2 emission level using a linear model. Previous models have been developed
in the past and they have all shown a correlation between the vehicle speed, the
acceleration, and the power demand [3].
The multiple linear regression model is represented generally with the following
equation:
Yi = β0 + β1 X1 + ... + βkXk + i
(2.5)
where Yi is the target variable, Xk is the predictor variable with the range k =
0, 1, 2, 3...p − 1 where p is the number of parameter; i is the random error in Y for
observation i
In our setting the CO2 emission level is going to be used as a Target variable,
with as predictor variables features representing the vehicle speed, the acceleration,
the power demand and the at the intensity of traffic.
The details about the predictors are as follow
• Vehicle speed in kilometers per hour (km/h)
• Acceleration in km/h per second
• Deceleration in km/h/s
• Power demand which corresponds to the product of vehicle speed and acceleration in km/h
• Intensity of traffic a boolean with 1 representing intense traffic and 0 representing free-flowing traffic mostly
[3]
the CO2 emissions are going to be represented in g/s. Since we did not have the
acceleration in km/h but g acceleration. We then need to convert this g acceleration
to km/h/s. The conversion is done with the formula below.
1 acceleration of gravity = 0.00980665 kilometer/second2

(2.6)

Once the conversion is done we end up having a pretty good estimate CO2
emission estimate on both arterial or highway roads. We would then scale the CO2
emission to g/km to be able to compare it to the EU regulation standards [3].

2.3.2

Driving Behavior Events

The next step in our feature engineering was to identify the various driving behavior
events. The 10 events that will be identified are the periods of sharp acceleration,
sharp deceleration, long acceleration, long idle, constant speed driving, low-speed
driving, high-speed cruise, moderate start, start and stop periods and finally the
moderate break [21].
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These above driving events are the behaviors that have a significant impact
on fuel consumption and CO2 emission if we compare them to the golden rules.
Identifying the above events was done according to the following rules.
1. Sharp Acceleration: ACC > 4km/h/s. If the speed change between the second
t and t+1 is above 5km/h/s. the we eperienced a period of sharp acceleration
and aggressive driving as a standard car should not accelerate this fast.
2. Sharp Deceleration: DES > 4km/h/s. Same principle as the previous event
3. Long Acceleration: TACC>5/s A period of long acceleration is defined as an
increasing acceleration for more than 5 seconds
4. Long Idling: Tdec orSpeed0 > 30s a period of long idling is definied as a period
with a speed of 0 and no rpm input that last more than 30 seconds
5. Constant Speed Drive: Tdec orSpeed0 > 60s a period of Constant Speed drive
is definied as a period with no speed change and no rpm input that last more
than 30 seconds
6. low speed driving : It is a period in which the mean speed for an interval of
60 second is below 20 km/h
mean(s(t), s(t − 1)..., s(t − 59)) ≥ 20km/h

(2.7)

7. high speed cruise: This event basically identify period in which the drivers
drives fast, and is defined as having the properties below:
(a) Average speed that is higher than 50 km/h
mean(s(t), s(t − 1)..., s(t − 4)) ≥ 50km/h

(2.8)

(b) the Speed Standard deviation fpr speed is no more than 1.5 km/h
std(s(t), s(t − 1)..., s(t − 4)) ≤ 1.5km/h

(2.9)

(c) the Speed variation is below 2km/h
abs(s(t) − s(t − 4)) ≤ 2km/h

(2.10)

(d) the acceleration is no more than 2 km/h
max(a(t), a(t − 1)..., a(t − 4)) ≤ 2km/h

(2.11)

8. moderate start, A period of moderate start is when the vehicle accelerate from
an idling position not in a sharp way. it will have one of the following property.
(a) the vehicle speed ∈ [10, 20] km/h/s
10km/h ≤ s(t) − s(t − 4) ≤ 20km/h

(2.12)

2.4 Methods for Predicting the CO2 Consumption
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(b) the maximum acceleration speed is below 5 km/h/s
max(a(t), a(t − 1)..., a(t − 4) ≤ 5km/h/s

(2.13)

9. start and stop periods: This is an event in which the vehicle may be stopped
in traffic. It is defined as a period in which the vehicle is idle within 3 sec after
starting from an idle position
10. moderate break: like a moderate start, it is when the vehicle decelerate not in
a sharp way. it will have the following properties
(a) deceleration ∈ [15, 25] km/h/s
− 25km/h ≤ s(t) − s(t − 4) ≤ −15km/h

(2.14)

(b) the minimum acceleration speed is below -5 km/h/s
min(a(t), a(t − 1)..., a(t − 4) ≥ −5km/h/s

(2.15)

The above is saved in a fuzzy system with 9 additional variables. Each variable
will have 1 when an event is active and 0 when it is not.

2.4

Methods for Predicting the CO2 Consumption

The other aspect of the investigation was the ability of the driving behavior event
in predicting the CO2 levels. The goal of this section is to better understand the
relationships and the impact of the features on the CO2 emissions.

2.4.1

Feature Selection

Here, we are going to be selecting the most important features to make a prediction.
This main goal of this phase is to pick relevant features that will enable us to better
understand what and to what extent does a variable affect CO2 consumption.
Our final data set was made of 18 features of which the CO2 will be our target
variable we are going to try to predict, and we will be removing the vehicle speed.
The idea behind removing the vehicle speed is that we should theoretically always
be able to predict very accurately the CO2 consumption with the vehicle speed as a
feature. Doing so will decrease our understanding of the impact of the other variable
on the CO2 emissions.
As a result, we will be left with 14 variables namely, the engine rpm, the throttle
position, the short term fuel trim, the acceleration, the heartrate and the 10 driving
behaviors identified in the previous step. Those 10 variables of 375838 records
representing a recording of driving per second are going to be our final dataset.

2.4.2

Model Selection and Evaluation

Our first phase will be to attempt to identify a model or family of models that would
work the best with the dataset in our disposition. At the end of this phase, we will
pick a family of models that would be the most appropriate to make a prediction

28

2. Methods

and extract the most relevant information to understand the impact of the variables
on fuel consumption
In this first phase, we will be running the dataset through a pipeline with a
regressor at the end of the pipeline. The pipeline is shown in fig 2.5 is made up
of multiple steps. First, we will divide the dataset into two sections representing
the numerical and the categorical variables. To the numerical variables, we will be
imputing missing values, if any, before applying a scaling whereas for the categorical
data only imputing will be applied. Then both numerical and categorical data will
be combined to a preprocessed dataset to which we will apply our regressor. The
neural network will need to be reshaped to a proper input format before being used.

Figure 2.5. Model Selection Pipeline

The families of models to be used are the linear models along with some regularization algorithms, the tree family models and the neural networks. Within the
linear models we will be running a multiple linear regression, then both a Lasso
model (using an L1 type of regularization) and a Ridge regression model (using an
L2 type of regularization) They are defined as
• multiple linear regression: It works similarly with the simple linear regression
but the difference is that instead of using 1 variable to predict the outcome
of a target variable, the MLR will use 2 or more variables; in our case, it will
use 15. The output will be represented as a mathematical function defined
as y = β0 + B1 .x1 + ... + βn xn where y is our target variable β represent the
coefficients and x xn our independent variables[40].
• Ridge Regression: it is a sort of extension for the MLR. It is a regularized
linear regression used like the Lasso to avoid overfitting the model. Indeed,
model evaluation is made of a loss function that should be minimized. The
ridge regression is defined as a regularization term that somewhat punishes the
coefficient with high values to simplify a model as much as possible, adding a
constraint for the maximum minimization of coefficients. Mathematically, it is
P
P
P
expressed as L = (Ŷi −Yi )2 +λ β 2 where (Ŷi −Yi )2 is the sum of distance
P
between each prediction and the ground truth and λ β 2 is our regularization
term that sum over the squared value of the coefficient β multiplies it is with
another parameter λ [40].
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• Lasso: the lasso is another regularization algorithm. The main difference from
the ridge regression is that the regularization term is not the sum of squares
but the sum of the absolute values. The loss of the lasso is mathematically
P
P
defined as L = (Ŷi − Yi )2 + λ |β| [40].
The next model family will be the tree-based family in which we will be testing
the decision trees, the random forest regressor along with the gradient boosting
algorithm. They are defined as follow:
• Decision tree: it is an algorithm that forms a tree structure that breaks down
a dataset into a smaller and smaller subset, while at the same time, tunes an
associated decision tree developed incrementally. A node represents a single
input variable and a split point for that variable. The tree is finishing with
terminal or leaf nodes that represent the variable y used to make a prediction.
The creation of the binary tree involves dividing up the input space through a
process called recursive binary splitting, in which all the values are lined up
and different splits are tried and tested using a cost function [42].
• Random Forest: Random Forest is a bagging type of algorithm which uses as
learning techniques the decision tree. As previously said, in a decision tree,
the input is fed on top and is traverses the tree as the data get divided into
smaller and smaller sets. The random forest takes that principle and combines
the trees to form an ensemble. Consequently, the trees itself are week learners
and the random forest is a strong learner [42]. The mathematical definition of
a Random Forest will be provided in the next section.
• Gradient Boosting: The gradient boosting is an ensemble type of model which
makes a prediction based on a group of weak learners. The gradient boosting
involves 3 basic elements which are a loss function which we optimize, a week
learner such as a decision tree and an additive model. We will be using the
root mean square error as the loss function. The idea behind using decision
trees is that they output real values for splits which can themselves be added
together, which allows subsequent models output to be added and corrected.
They are constructed in a greedy way that chooses the best spit point based
on scores like Gini to minimize the loss function. Finally, the additive model
adds the tree one at the time and the already existing trees in the model are
not changed. Gradient descent procedure is used for the minimization of the
loss[42].
The final model family that will be testest will be the neural networks. Namely:
• Multi-Layer Perceptron: It is the classical type of Neural network. They are
made of one or more layers of neurons. Data is put through an input layer
made of one or more hidden later which gives the level of abstraction through
a series of activation functions. Gradient descent is then used to adjust the
weight and minimize the loss function. The result is obtained by the last layer
called the output layer.
• LSTM: An LSTM is a recurrent Neural Network which we train using backpropagation through time to overcome the vanishing gradient problem. As
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opposed to an MLP, and LSTM is made of memory blocks that are connected
to layers. Each of those blocks contains gates which are responsible for the
management of the block’s state and output. Each gate within that unit uses a
sigmoid activation function that controls the activation of that particular gate
ergo changing, or not, the state and adding the information flowing through
the conditional unit. Within this memory unit, we have the input gate, the
output gate and the forget gate. The intuition behind the use of the LSTM
here it to maybe predict the CO2 level using the previous driving pattern.
Upon passing the model through the pipeline, available in figure. We will then
evaluate the models using two scoring measures; the Root Mean Square Error and
the R2 score. The RMSE provides an idea about the magnitude of the error. Taking
the square root of the mean squared error converts the unit back to the original
output variable. The R2 score indicates how well the prediction fits the actual value
or, in other words, the goodness of fit (coefficient of determination). The scoring
values will be between 0 and 1 with the former representing no fit and the later a
perfect fit [18].

2.4.3

Hyperparameter Tuning

The idea behind hyperparameter tuning is basically to adjust the settings of an
algorithm to improve its performance. The standard procedure for optimizing the
hyperparameters is called cross-validation(CV). The most common method of crossvalidation is K-fold CV, where we splot our training set into K number of subsets
which are called Folds. Having that, we iteratively fit the model K times each time
training and evaluation on the Kth fold. In the end, we take the mean performance
on each fold to have a final validation metric for the model. Consequently, in the
K-Fold CV, we will be performing many iterations each time using a different model
setting and saving the model settings that work the best for our final predictions.
The hyperparameter tuning phase will be done in two steps. In the first one, we
will tune the hyperparameter using the Random Search Cross-Validation. Indeed,
in here, we will be evaluating a wide range of hyperparameter values. We will
first create a wide grid of hyperparameter we would like to test, and perform KFold CV by hyperparameter values at random. Once we are done training we will
evaluate the best hyperparameters deduced from CV and check if there were any
improvements. If they were improvements we will move to the next step, if there
wasn’t any improvement, we will keep the default values.
The next step will be a grid search with cross-validation. Indeed performing the
random search allowed us to narrow the range for each hyperparameter. We can use
a full grid search by specifying all combination settings we which to try. We then
evaluate the model and save the best parameters. If there is an improvement we
save that model, if not we revert to the original hyperparameter from the previous
step.

2.4.4

Model Results

In order to do that we will be using, after performing the step 1 test, the random
forest and the gradient boosting to do so. The random forest will be a bagging
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ensemble technique where as the gradient boost, as the name implies, will be a
boosting technique.
The final data is combined and separated in to a training set and testing test.
Since we are working with a timeseries, the train-test dataset have not been shuffled
because it is inappropriate but they were split respecting the temporal order of
values that were observed. Multiple splits have been used to train-test separating
the two with a ratio of 50-50, 70-30 and 90-10. The result of those analysis will be
displayed in the next function. The Root Mean Square Error has been used as a
scoring metric.
As the name said the random forest is a tree based ensemble algorithm with each
tree relating to a collection of random variable. Given a p-dimensional random vector
X = (X1 .....Xp )T representing an input or predictor, in our case here would be the
driving behavior events; and a random rariable Y representing the response, in our
case, that would be the levels of CO2 emissions, we will assume an unknown joint
distribution PXY (X, Y ). The aim of the algorithm is to find a prediction function
f (X) that would be predicting Y. It is obtained by a the loss function L(Y, f (X))
and minimized the expected values of the loss.
EXY (L(Y, f (X)))

(2.16)

let D = {(x1 , y1 ), ...(xN , yN )} be our training data xith Xi = (Xi,1 ..., X1,P )Y .
So for j = 0 to J:
1. Extract the bootstrap sample Dj of size N from D
2. With the sample Dj as the training data, we fit a tree using binary recursive
partitioning
(a) Partition Starting with all observation in a single node
(b) Until stoping criterion met, we do the following recursively:
i. Select predictors p at Random from the P available predictors
ii. On the m predictors from step i, find the best binary split among all
binary splits
iii. Split the note onto two descendant nodes using the previous split
In our case, the prediction will be made with f 0 (x) = 1...J h0j (X) where h0j (X)
is the prediction of the response variable at x using the jth tree [24].
Regarding the Gradient boost, the prediction we will make will be under the
format f (x) = wT φ(x) where φ(x) = [k(X, µ1 ), ..., k(x, µN )] where µk represent our
training data. The concept of boosting is genrally associated with a greedy algorithm
that fis adaptative basis function generated by an algorithm called a weak/base
learner. Boosting works by applying week learners by sequence to a weighted version
of the data in which more weigh is assigned to sets that were misclassified in earlier
rounds [42].
The problem that the Gradient Boosting will try to solve, like the random forest,
is the minimization of a loss function, which we will represent with:
P

f 0 = argminL(f )

(2.17)
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where f = (f (x1)...f (Xn ) represents the parameters. The algorithm will be
preformed in the following steps:
1. Initialization of f0 (x) = argminγ

PN

i=0 L(yi , φ(xi ; γ)

2. With a step size of m going to M , we will then perform the following
(a) Find the residual gradient which is rim = −[ (yi ,f (xi )) (xi )]f (xi)=fm −1(xi )
(b) Using the weak learner to find γm that will minimize

PN

2
i=1 (rim −φ(xi ; γm ))

(c) Finally, we update fm (x) = fm−1 (X) + vφ(x; γm )
3. Upon the completion of the above steps, we retrieve our f (x) = fM (X)
Both the Random forest and the gradient boost are the 2 algorithms that will
pass through parameter tuning in the next session. The results of the gradient boost
and the random forest are presented in the following section and in the annexes.
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Results
In this section, we will be presenting the various results. We will begin with the
data exploration followed by the results for the driving events test and finish with
the CO2 estimation tests.

3.1

Data Exploration

After data pre-processing, our final dataset was made of 105 hours worth of driving
time. Looking at the correlation between variables in a single trip, we realize that
there is a limited amount of variables sharing a strong positive correlation. We can
observe the details of the correlations in figure ??
To start of, we realize that engine rpm and vehicle speed have a high correlation.
This is what we expect as in other to gain more speed, more rpms need to be put
in. We have, to a less extend, some kind of relation with the throttle position and
the engine rpm and the vehicle speed too. We observe a high positive correlation
between the free flow and the current-flow speed.
Since we did not have anything we did not already know about from the correlation
figure. We decided to investigate in detail the main CO2 consumption feature driving
variable. We established those variables by running a feature importance test in
predicting the co2 emission.
Figure 3.5 shows the distribution of those features. After looking at the graphs
and describing the feature behavior here are our conclusions:
• Vehicle speed: The average vehicle speed of all the experiment combined is
about 30 km/h with a standard deviation of 20 km/h. The median of all the
drives are about 27km/h, with the minimum speed of naturally 0 and the
maximum speed of 128 km/h. The speed reading is consistent with the type
of drive as it was a city drive with high traffic intensity with a portion on a
highway.
• Engine rpm: Most drives had an average engine rpm of about 1734 rpm with
a standard deviation of +/- 512 rpm. the median and even the 3rd quantile
was at 2002 rpm. This makes sense since a lot of people are taught to shift up
at 2000 rpm. As we drive, drivers tend to reach that 2000 mark and stick to it.
We had a min rpm value per second at 0 and a maximum value at 4883 rpm.
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Figure 3.1. Correlation of variable within a trip
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• Throttle position: The angle of the throttle used most often by most drivers
is 15°, with the average position being at 19.25° with a standard deviation
of about 12°. It had most of its values centered around the first 20°, and a
maximum angle of 85°. Once again nothing too surprising here, most people
drive in a city using an throttle position angle of no more than 20°, where
as we use a higher throttle angle when accelerating quickly when reaching a
highway.
• CO2 emission: After converting and scaling the co2 consumption to g/km we
have an average emission of 87 g/km with a standard deviation of 16. The
minimum emission levels were at 62 g/km with a maximum value of 269. Most
drivers drive at around 85 with most of the values centered between 62 and 94
g/km.
• heartrate: The average heart rate across all experiment is about 83 bpm with
a standard deviation of about 29. The minimum heart rate encountered is at
30 and the maximum is at 240 bpm. Most of the values are centered around 71
to 91. Given that a well rested heart rate for a human is between 60-100 bpm,
everything seem normal. We have few spikes in the heartrate which might be
due to the stress caused while driving.
Now that we have looked at the general distribution for those different variables,
now we are going to explore the behavior of those variables during the different
phases of our driving experiment. Indeed, the behavior of those variables are going
to be plotted based on the baseline drive, the 2nd session of driving and the last
session of driving. We display the result of those experiments in figure.
Looking at the vehicle speed, we realize that most of the values are centered
around a speed of 30km/h, where as the drives for both the baseline and the last
session was more spread about. Additionally, both the base line and the last session
observed longer period of stops. This may be due to the fact that, during drive 2
the driver did their very best to somewhat converve their constant speed.
Regarding the engine RPM, we can distinguish a high concentration of values at
around 2000 rpm, specially for session 2. session 3 and the baseline had their rpm
values a bit more spread out. We can notice a higher concentration of engine rpm
values at around 900 rpm for both baseline and session 3.
The throttle position share almost the same shape between the 3 session. The
baseline and the session 3 drive share approximativelly the same shape. Whereas
the drive in section 2, we have again appoximatelly the same shape but with a
concentration abount 10-15. The two other phase had a concentration between 15
and 30. Additionnally, session 2 shows higher conventration of values at higher
throttle position degree. This might be the effect of driving ecologicaly.

3.2

Driving Events

In this section, we will showcase the result obtained for the driving event identification.
L
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(a) Vehicle Speed

(b) Acceleration

(c) Engine RPM

(d) Throttle Position

(e) CO2 Emission

(f) Heartrate

Figure 3.2. Histogram showing the distribution of various features
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(a) Vehicle Speed

(b) rpm

(c) throttle position

(d) Heartrate

Figure 3.3. Histogram showing the distribution of various features

3.2.1

Driving Behavior Identification

ooking at the driving behaviors results individually.A period of any of the events
described below is defined as the time in second between the start of the sharp
acceleration event and the end of it. We have noticed:
• Sharp Acceleration: The golden rules of eco driving advises us to reduce the
amount of sharp acceleration there are. In our experiment, out of 375838
seconds of driving, 3915 seconds have been spent on shart accelerations. If
we divide those based on section, we realized that there was 992 periods of
sharp acceleration during the baseline drive, 889 during the first eco-driving
session and 882 during the second period of eco-drive. The base line drive
spent a total of 1250 seconds in sharp acceleration. Sharp acceleration causes
and excess in RPMs which highly affect CO2 emmissions
• Long acceleration: We observed more long acceleration during the eco-drive
sessions rather than the baseline drive. Long acceleration is advised for smooth
type of driving. We observed 3811 of such periods during the baseline drive,
3909 during the first eco-drive and 4345 during the second eco-drive.
• Long idling: Those are the periods in which the car is in full stop. Like
expected we found more of those periods in the eco-drive session. We found
67 idle period during our baseline drive, 82 during our first eco-drive and 85
during our second eco drive. If we look at where the idling happens. We notice
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that it is more prominent in the city portion of the test drives rather than in
the sub-urban or the highway.
• Low speed drive: The period of low speed drives are relatively consistant with
all the drives. We observed around 260 for both baseline drive and the first
ecodrive and around 300 for the last eco-drive.
• High speed cruise. Regarding the high speed drives, we realized that drivers
tend to drive much faster during the baseline drives than during the two
eco-driving sections. Indeed we observed 273 periods of high speed drives.
• moderate start: Interestingly, we realised that moderate starts were approximativelly the same across all drives. We observed 2055 of such periods duing
the first eco-drive, 2249 during our baseline drive and 2275 during our second
ecodrive.
• Start/stop: We realized that the start stop sessions happen more often during
the baseline drive rather than the eco-drive with periods being 21, 18 and 13
respectivelly. This may be due to the fact that either car used to completely
stop during the baseline drive more often, or there was more traffic on the
road during the baseline drive
• moderate brake. Like the moderate start, the values were quite similar between
the baseline drive and the eco drive which counted 1236 and 1219 of such
periods respectively. The second eco-drive however recorded 1341 moderate
break which is relatively more than the two previous ones.
Table 3.1 shows the percentage time each driving event were spent on during
the combined drives, the baseline drive, the first and second eco-drive. The driving
events do overlap sometimes so the percentages shown in table 3.1 do not reflect the
proportion of time an event has happen compared to the other event, but rather
how much time was spent on an event independently to the others.
Looking at the table results, We did not witness too many sharp accelerations
or decelerations, they were usually seen 1-2% of the session you are in. It goes
the same for the start-stop event as it was observed sometimes less than 1% of the
time. This suggest that the experiment drivers experienced very minimal situation
of heavy traffic. This means than most of the drive within the experiment were quite
fluid. Additionnally we observe more sharp acceleration and deceleration during the
baseline drive compared to the two other driving session. This means that without
prior advice, drivers tend to drive a bit more aggressively.
The moderate start and moderate stop appeared globally and respectively 5.2%
and 2% of the time. Once again we can make the assumption that the car spent more
time driving rather than being stuck in traffic. The baseline drive has spent more
time using moderate start and break techniques rather than during the eco-driving
session.
Drivers spent globally more time during long acceleration and long idling, In
this paper idling refers to the drive at constant speed. This suggest that the car was
spending most time driving to gain speed and keep the speed at a constant level.
The Baseline and the eco-drive session 2 spent more time idling and accelerating and
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(a) sharp acceleration

(b) sharp deceleration

(c) long idling

(d) long acceleration

(e) slow drive

(f) high speed

(g) moderate start

(h) start/stop

(i) moderate break

(j) Constant Drive

Figure 3.4. Histogram showing the distribution of various features
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the eco-drive at session 1 spent more time accelerating and idling. This behavior may
suggest that the baseline and session 2 drive were accelerating and keeping driving
at a constant speed (idle) where as the session 1 drive was focused on accelerating
continuously when the vehicle speed goes below a certain speed.
Drivers from the baseline drive tend to drive faster than the drivers for the other
eco-driving session. We can observe that, globally, 28% of the time the drivers
drove at low speed as opposed to 22% of the time spent driving at high speed. It’s
interesting to note that the drivers during the first eco-drive did not drive much at
high speed spending only 5% of their respective time driving at high speed.
as seen
Table 3.1. % time spent on each driving event during different driving session

Driving Behavior
Sharp Acceleration
Sharp Deceleration
Long Acceleration
Long Idling
Constant Speed
Low Speed Drive
High Speed Drive
Moderate Start
Start Stop Drive
Moderate break

3.2.2

Global (%)

Baseline (%)

Session 1 (%)

Session 2(%)

1
1.5
63
14.79
41
28.2
22
5.2
1
2

1.8
2.6
45
21.5
43.12
43
14.8
8.3
1
4.3

1
1
79
8.6
17.6
17
5
3
1
1

1.3
2.1
44
23.4
49
41.4
13.5
7.8
1
4.32

Driving Behavior Effect on CO2 Emissions

Now that we have established that, let’s go ahead and check how those drives are
affecting the co2 consumption on a seconds basis. We have plotted the various
driving events against their respective emission rate per second.
First, one thing that we realize is that the both the sharp acceleration and
deceleration are not the biggest contributors on the fuel emission level. Looking at
the box plot 3.5(b) we can see that the bulk of the values are between 60-100 which
is below the EU standards. We observe as well outliers that show a high level of co2
emission but those were insignificant. From that observation, we can somehow make
the assumption that sharp acceleration and deceleration do not contribute directly
to co2 emission, as opposed to any other driving event. However, eco-driving rule
suggest to avoid this. It may not be due to its direct effect on the driving but rather
due to the wear and tear that sharp acceleration or deceleration put on the engine
and on the tires.
The long acceleration and the low speed drive were the behaviors that saved
the most fuel. Indeed, looking at both the violin plot 3.5(a) and boxplot 3.5(b),
we can see that they are lower that the other variables. Indeed, the bulk of the
values for the long acceleration values are between 80 to 100 g/km with very little
values going outside that range. And for the low speed drive almost all the values
are below 100 which is the EU standard. Long acceleration are somewhat related to

3.2 Driving Events

41

slow driving as the drivers is gaining speed in a smooth and somewhat constant way.
Doing so allowed to have very narrowed emissions within the recommended range.
On the other hand, it was expected that low speed drive generate the lowest level of
emission as the slower we drive the less co2 we emit.
Surprisingly the long idling, moderate start and break had higher value than we
originally hypothesised. The moderate break is way lower than the sharp deceleration
with the bulk of its values being below 100 and having less outliers. The moderate
start values though are a bit higher and more spread out than the sharp acceleration.
Once again, as previously said, sharp acceleration seem to strain more the engine
and tire than a moderate start would but has less direct effect on the instantaneous
co2 emission rate. The long idling had tho the largest variance of all box plots but
most of its values are below 100.
The highest level of CO2 emission in general was contributed by the high speed
drive. Indeed, once again it make sense as the faster we drive the more CO2 is
emitted. And this tendency is reflected by our data.

(a) Vehicle Speed

(b) Acceleration

Figure 3.5. Violin and box plot of the driving behavior compared to emission levels

Now that we have already established a general outlook for the effect of driving
behavior on the CO2 consumption. Now we can go further and check the same
effects on the different driving sessions.
Regarding the baseline drive, we can observe the that are more values above
160 g/km compared to the other two eco-driving sessions. However we observe
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in general the same tendencies that the general overview regarding the effect of
driving behavior on CO2 emission. We can observe that driving at high speed has
in general the highest Co2 emission rate as all most all the values are above 100
g/km. Similarly low speed driving has the lowest Co2 emission rate. In addition to
that, compared to the other driving sessions, we realized that they were more values
exceding the 160 mark.
Regarding the fist session on driving, the effect of high speed and low speed drives
on CO2 consumption is even more visible here. Indeed we can really differeciate
graphically that high speed drive hold the highest values where as the low speed
drive bare the lowest values. The long idling possesses the highest level of variability.
This is the same behavior that we have noticed during the second eco-driving session.
The maing difference between the two eco-driving session is in the variance of the
ling acceleration. Indeed, the noticed that in the first eco-drive session the bulk of
the long acceleration values were centered at 80 where as in the second drive, and to
some extend the baseline, the values were more spread out ranging from 80 to 100
for the bulk of it, but extends all the way to 150 g/km.
To conclude, wether its generally or separated in the experiment session, we
can see that the high speed drive is the behavior that is emitting the most co2.
The lowest co2 emission were recorded during slow drives and long acceleration.
Moderate breaks emit less that sharp deceleration whereas moderate start emits
more than a sharp acceleration. Long period of idling or driving at the constant
speed has generally the highest level of variance (spread of the data).

3.2.3

Driving Behavior Effect on Heartrate

Looking at the effect of driving behavior on the heart rate at figure 3.6, we can
observe that the bulk of the values are around 90 bmp which is absolutely normal
for a healthy individual.
Nonetheless, there are few observations to note. First people see, to be calmer
during long acceleration and during start and stop evends as the variance of those
evens is a bit narrower with the majority of the values between 60-80 bpm.Drivers
had a pretty similar agitation level during the rest of the driving events.
Since no interesting observation could have been deduced from the combined
dataset, we will see the effect on the different driving sessions. That as well seem
to be counter productive since no clear difference could have been found. The only
observation to be made is that the variance is more narrow during the start and
stop wheres the range of values is more spread. The long acceleration for the two
eco driving session seem to be more narrow as well which shows a more calm driver.
We can conclude from those observations that drivers tend to be more calm
during start and stop event, long acceleration and a bit during high speed drive. This
might be due to the fact that during start and stop drivers are usually stuck in traffic,
ergo not much things are happening that could increase the drivers stress level. I
is the same principle that goes for the high speed cruise and the long acceleration,
even those two contained a lot of period of stress.
Since those figures did not tell much about how the heart rate affects the data,
we decided to filter down those results. Indeed, the more stress we have should
theoretically translate to more aggressive driving behavior. This is shown by an
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(a) Violin Driving Behavior/Heart rate

(b) Box Driving Behavior/Heart rate

Figure 3.6. Violin and box plot of the driving behavior compared to heartrate
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abnormal heart rate per second. An abnormal heart rate is any rate at resting state
that is the equivalent of an intensive exercise. In other words, any heart rate that is
above 150 bpm shows a situation of stress.
We went ahead and recorded the data that match that criteria and counted in
seconds the amount of time that that happens. This resulted in some interesting
events, for starter, it seems like the event in which stress is less likely to happen
is during start and stop. I make sense since most of the time that that startstop happens is when stuck in traffic, no many stressful events during that period.
Compared to the other 9 events a high level of heart rate during a start-stop situation
is less likely to happen. We have noticed as well a low amount of stressful events
during both the sharp acceleration and deceleration but as well during the moderate
start and break.
Looking at the events that may have affected the heart rate the most, we notice
that the low speed, constant speed, and long acceleration have the highest value
count. Indeed, those events are most seen in a city portion of the test drive. This
makes sense since more traffic means more road awareness from the drive. In
addition to that, in cities lines are not separated which creates a lot of situations
that increase the driver’s awareness and therefore their stress level. Much fewer
stress situations were recorded during the high-speed cruise, which is related to
driving on the highway. This is because not as many road events happen on the
highway as opposed to the city.

Figure 3.7. Count in seconds for increased heartrate per event

We counted over 7000 sec of high heart rate between 24 drivers. This shows
that during a drive, drivers will experience some sort of stress. This stress can be
associated with the fact that they are driving a new car or they are driving in various
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parts of the city. First, the first observation here is that an abnormal heart rate
happened in all the parts of the circuit, whether the drives happened within the
city, in between the cities or on the highway. It does not matter where you drive
an expected event that may happen at any portion of the road which is why it is
advised to pay attention when driving.
We narrowed down the areas that contained the highest density in terms of
increased heart rate, represented in figure ??. The blue markers represent events
in which there were heartrates above 150 bpm. The first event we notice is a high
concentration of the abnormal heart rate activity at the beginning of the circuit,
even though a normal rate of traffic was found at the car was driving at a normal
pace between 30-40 km/h. This stress might be caused by the fact that the drivers
were getting accustomed to driving with a new or unknown car. This initial stress
seems to go away after the first kilometer of driving.
The next portion of the road takes us through an intercity road taking us to the
city. One thing that we realize in this portion is a small decrease in the amount of
increased heart rate. We observe those increase only during a period of turn or close
to an exit road. This decrease in heart rate may be due to the decrease in events
that happen when driving in a suburban road.
The nex portion leads us to the city portion of the road. The urban area is the
portion of the circuit in which the test drivers experienced the most stress. Indeed
we have observed a high density of increased heart rate in areas having a high level of
traffic, according to Google Map Typical Traffic for the test period. This increased
level of heart rate might be due to the increased awareness when driving to the
city as the number of obstacles, cars, traffic signs, and unexpected events tend to
increase within the city.
The last portion of the road takes us to a highway and back into the intercity/suburban roads. In that portion, we saw again a decrease in the increased heart
rate. The part in the highway that contained the highest density of abnormal heart
rate values was close to a highway exit or entrance. This may be due to an increased
awareness of the drivers to new cars entering the highway. The other increases that
are not close to an exit/entrance may be related to car surpassing another or being
surpassed.
To conclude, driving under stress as said before leads to unsustainable driving,
and even though during an average drive, the heart rate seems to be the same; there
exist portion of the road in which we experience short periods of high stress. Even
though this unsustainable driving due to stress is minimal during an average drive,
and does not have a high direct impact on fuel consumption, as opposed to speeding,
for example, it may lead to the general wear and tear to the car whether it is on
the engine, tires, etc. This general wear and tear might down the line, reduce the
driving efficiency of the car. An interesting observation from this section is that
drivers tend to be more stressed in the city rather than the highways or suburban
streets.
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Figure 3.8. Area with increased heartrate

3.3

Machine Learning Model Evaluation

In this part, we will be displaying the results of the machine learning evaluation for
the prediction of the CO2 emissions. The goal of this section is to better understand
the relationships and the impact of the features on the CO2 emissions.
The final dataset was made of 9 variables that corresponds to the behavior
identified.

3.3.1

Features Selection

We have already established in section 1 that the faster we drive the more CO2
consumption there is and consequently the more fuel we consume. As a result, the
vehicle speed is the more important feature in estimating the CO2 levels. Indeed,
combined with the other variables present in our dataset, we managed to get an R2
score of about .99 for the decision tree, random forest, gradient boost, and MLP
regressor. This means that having the vehicle speed will allow us to predict to C02
consumption of the user almost all the time.
However, for this paper, we want to know the influence of the other variables
on speed and how well do they predict fuel consumption. Our final features will be
made of the 9 driving events and the throttle position, heart rate, engine rpm, and
short term fuel trim bank.

3.3.2

Model Selection & Evaluation

Few models were run through a pipeline where and we recorded the model results
based on the RMSE and the R2 score. The final model that we will pick, is the
model with the best score. Table 3.2 represents the results for the different models.

3.3 Machine Learning Model Evaluation
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Those models used the default hyper-parameters values for our first run of the model.
All those models were trained on a ratio of 70/30 train and test set.
Table 3.2 shows the result of our first model run with different types of models.
The scoring is represented by the RMSE and the R2 score. Looking at the range of
values, we can notice that the ensemble/tree-based methods are the ones that are
performing the best. We can see that the gradient boosting and the random forest
have the highest score in terms of predictive accuracy. They are closely followed by
the Neural Network Methods and the linear models. Regarding the scores themselves,
linear models seem to be underperforming if we compare them to the other model
families. Indeed, they had an R2 score of around 77 (with the lasso being around
70) but a very average RMSE of above 4.5. Again those results are not bad, but
the other families of models have done a bit better, both the tree and the neural
network. The tree-based models (Random Forest and Gradient Boosting) are the
ones that were able to better predict the CO2 emissions with R2 scores of .86 and
.87 and RMSE of 2.1 and 2. This tells us that those models fitted almost perfectly
and were generally of by 2 points, which is better than the rest of the other families.
The Neural Networks perform a bit less good than tree-based families with R2 scores
of .84 and .83 and RMSE of 2.2.
as seen
Table 3.2. Scores for the model used to predict CO2 emission rate

Model
Multiple Linear Regression
Ridge
Lasso
Decision Tree Regression
Random Forest Regression
Gradiant Boosting Regression
Multi Layer Perceptron
LSTM

R2

RMSE

0.7789
0.7789
.7057
0.7497
0.8656
0.8706
0.8432
0.8539

4.5478
4.5478
5.24762
4.8860
2.2039
2.1638
2.787
2.6967

Consequently, we will be using the tree-based algorithm to attempt to improve
the results. In addition to that, the tree-based methods have a feature importance
feature which will allow us to understand which variable contributed the most/least
to the prediction, ergo telling us the impact of each variable on the fuel consumption.

3.3.3

Hyperparmeter tuning

The hyperparameter tuning is going to be done in two phases as said in the previous
chapter, first, we are going to be performing random search cross-validation by
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setting a hyperparameter grid and then we are going to be using the result from the
random search to perform a Grid Search with cross-validation.
Our initial random search will have the folling grid.
• ’bootstrap’: [True, False],
• ’max depth’: [10, 20, 30, 40, 50, 60, 70, 80, 90, 100, 110, None],
• ’max features’: [’auto’, ’sqrt’],
• ’min samples leaf’: [1, 6, 12,
• ’min samples split’: [2, 10, 20],
• ’n estimators’: [10, 20, 50, 100, 200, 400, 600]
The random search training took approximately 2h 55 min to train 100 iterations
cross-validated 3 times. This improved our model by 0.58 % (0.8657) from the base
model. The best parameters found by our random search are as followed.
• ’bootstrap’: True,
• ’max depth’: 80
• ’max features’: 3
• ’min samples leaf’: 6,
• ’min samples split’: 10,
• ’n estimators’: 10
Finally, we are going to create our final grid for the grid search, we will pick the
values close to our best estimator from the previous check. The grid search took 2h
20 min to train all possible combinations. Consequently here is the grid used for the
grid-search with the best parameter highlight in bold.
• ’bootstrap’: True,
• ’max depth’: [80, 100, 150, 200]
• ’max features’: [2,3, 4]
• ’min samples leaf’: [4, 6, 8],
• ’min samples split’: [8, 10, 12]
• ’n estimators’: [10, 15, 20]
Using the above allowed us to improve the result of our model by 1.58 %. This
makes our random forest model as optimized as it possibly can be and we are ready
to move to the next step which is the extraction of the various feature importance.

3.3 Machine Learning Model Evaluation

3.3.4

49

Model Result

After hyperparameter tuning, we train the model on our dataset using the best
parameters found on the previous step.
Table 3.3 shows the result of the prediction of the random forest model on the
different ratios of train test. The best performing on has a ratio of 70/30 with a score
of 0.8766 which is around the best score it can get, which is acceptable considering
that there was not the speed variable.
Using both the random forest and the gradient boosting (see the result in Annex),
we were able to have a good fit with an R2 score close to 1. It is not perfect but it
gives us a good prediction of the emission rate which may be off by 2-5 g/km which
is acceptable. The result both with the gradient boosting tends to plateau at an R2
score of 0.88, which is a good indicator of how well the model is predicting the CO2
rate.
The RMSE for most models was quite low in general, we can see that any model
with an R2 score above .80 will have an RMSE below 2.5 which is good and show
acceptable predictions. Most of the value of the CO2 emissions are between 60 to
120 g/km, ergo being off by 2 points is acceptable. Anything model with an RMSE
score above 3 shows an average or poor model performance.
Taking a second look at the results show on table 3.3, we realize that the ratio
50/50 held the worse result, with an R2 score of 0.4271 which shows a very poor fit
and an RMSE of 5.5 which shows an even larger variability to the regression line.
This model cannot be used further as it cannot predict very well the CO2 emission
making extracting feature importance from that model irrelevant. The 90/10 we
have a pretty good R2 score but a very average RMSE for this data. This may be a
sign of overfitting. In general, the 70/30 ratio works the best, as we have both a
good R2 and RMSE score.
Looking at the Gradient boost results presented in Appendix B.1, we can see
a similar trend as the one for the random forest> Indeed, we observe pretty low
results for the 50/50 train test ratio with an R2 score of around .08 and an RMSE
of 12. This model completely failed to learn the CO2 emission rate from the data.
The 90/10 train test ratio did a bit better but the high RMSE of 6.2 shows again an
overfitting trend. The 70/30 train/test ratio, however, performed the best.
Table 3.3. Scores for the Random Forest model used on various train/test ratio

train/test Ratio
50/50
70/30
90/10

R2

RMSE

0.4271
0.8766
0.8658

5.504
2.016
3.4984
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Fig 3.9 shoes the most important features that have been used to make the
prediction. We ran the random forest model at different training/ testing ratios and
in the first training/test ratio of 50/50 we notice that the engine rpm was the most
important feature followed by the acceleration and the driving event of a high-speed
cruise. If we look in detail about the driving events identified, we noticed that
the high-speed cruise, low-speed drives, long acceleration, and sharp acceleration
helped to some extent make a prediction; whereas the rest of the driving events
were irrelevant in predicting the CO2 emission rate during a drive. Knowing the
relevance of driving behavior may reflect which of the driving behavior directly or
indirectly affects the C02 emission rate.
Looking at the features regarding the driving, we realize that, in general, the
acceleration was the most important feature, followed by the engine rpm and the
throttle position. We can observe that any feature that helps the car gain momentum
tends to have higher importance. Another interesting aspect is that the heart rate
plays a small role in predicting the C02 emissions but only for the random forest
prediction. The results for the gradient boosting (See annex) however do not take
into account the heartrate as a contributing variable for the prediction.
Generally, both the random forest and the gradient boosting take the same
variable as best suited for prediction. Indeed we observe in both cases, trained
and tested with a different ratio that, from most important to least important, the
acceleration, high-speed cruise, and engine rpm are the top 3 (besides the vehicle
speed) variable to prediction CO2 emission. The common part aspect about those
variables is the fact that they are all somewhat an indicator of how fast a car is
driving, and the faster the car drive, as seen in the literature review, the more CO2
is emitted. Ergo any feature that helps know approximatively the speed of the car,
will be considered as the more relevant feature to predict the level of C02 emissions.

3.3 Machine Learning Model Evaluation

(a) train/test ration 50/50

(b) train/test ratio 70/30

(c) train/test ratio 90/10
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Chapter 4

Discussions
In this section we will discuss first the result of the experiment from the setting
to the machine learning model, then finally we will talk about how we could apply
what we have learned in a real-life situation.
Looking at the literature review, we realize that a lot of work has been done in
terms of eco-driving and its effect on fuel consumption and CO2 emission. Even
though all results seem to indicate that the more eco-friendly we drive the less fuel
we consume saving anything between 2 - 20 %. In other to achieve those results and
make those conclusions, experiments like the one described in the methods sections
have been set and studied. However, those experiments did have their flaws which
we described in the research issues section in the methods. Similarly, our experiment
had its flaws which were mainly related on one hand to the obtention of the data
and on the other hand on the experiment setting in itself.
Acquiring different types of data proved to be quite an issue, especially from
different test sites. Indeed, the data was originally made from the combination of 3
main blocks. The first one was extracted from the OBD II reader, the second one
from the android device and the recording sensor (Fitbit) attached to the driver and
the last one from the data engineered by the team. The two major problems were
found in the data itself. The first one is the fact that the sensors were emitting at a
different rate, some emitted ever 5 sec, and others at a rate a bit less than a second.
This left us with a data set made of a lot of empty value. We fixed the problem by
resampling and using Singular Value Thresholding imputation methods (described
in Section 2) to replace those mission values. The problem in doing so is the fact
that we may lose some information or to the least simplify which may temper the
originality of the value.
The other issue found within the data itself is related to the standardization of the
data itself. Indeed, as described in the methods, the data was organized in traces/trips
represented in CSV files. However, depending on the test site, a lot of those trips
were lost because they did not pass the original quality check. Consequently, we had
to delete a lot of traces which decrease the amount of information we had. Some of
those traces were part of the experiment, which consequently tempered the quality
of the results. In addition to that, we did not have the same features in all the traces.
Indeed some traces contained certain features, others did but they were empty and
that played a major role in terms of feature selection. For example, the gear was
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present in some trace and absent in other, which made it very hard to combine the
different traces into one suitable for learning.
Another issue about the data itself is the lack of features that would indicate the
level of fuel consumption directly taken from the OBD II sensor. Indeed, in some
traces the fuel consumption and fuel tank level are present but most of them are
empty. We needed to estimate the level of CO2 using a function from the Oak Ridge
Laboratory present in the literature review. This is somewhat important because it
turns our result to the estimation of CO2 consumption and not actual consumption.
The second flaw was related to the experiment itself. Indeed, we had various
types of drivers of different age, driving a different car. Regarding the drivers, the
experiment took the recording of a baseline drive, followed by 4 drives that are done
in an eco-driving way. Since we are somewhat checking the effect of eco-driving on
fuel consumption and the act of driving is considered a habit, drivers should not be
knowingly driving in an eco-friendly way. That means that the drivers should have
had learned how to drive before 2013 as any driving training done in the EU past
that date, teaches how to drive in an eco-friendly way. In addition to the experience
of the driver, no information was given about the state of the car itself. Indeed, we
have seen that a not well-maintained car can lead to a higher level of CO2 emissions.
We have seen in the literature review that some external factors such as the
weather, the traffic signs, the slope of the road, the additional load of the vehicle
or the number of occupants within the vehicle affect the fuel consumption and the
CO2 emission. The weather affects both the driver’s psychological state and the
mechanics within the car (air conditioner usage, general engine wear, and tear).
The traffics sign and intensity affect the amount of time one needs to stop, start,
accelerate and all the like which encourages aggressive behavior. The steeper the
slope the more fuel the car consumes. And extra load or passenger increases the car
weight which consequently increases the amount of energy required to move a car.
Little to no information was given about those factors. And if those vary between
drive subsequently between different drives, it may affect the accuracy of our results.
Looking at the driving events, we were able to identify 10 distinctive driving
events from our data. The thresholds used to identify that behavior was based
on literature and common sense. Those parameters for the threshold may not be
optimal, however, the robustness of the driving behavior identification system should
be further tested on the field in a supervised manner to be more certain of how well
it works. Those type of testing goes unfortunately beyond the scope of this paper.
Taking a deep dive into the driving behaviors, we tend to see that globally long
accelerations are the more often state and very little time is dedicated to start and
stop. That means although google showed red for the typical traffic within some
section of the drive, generally, the drives seem to be quite fluid. The interesting
part of the experiment itself is the fact that the circuit used different types of
environments from urban, semi-urban and highway which brought a diverse range of
environments each challenging drivers to different eco-driving rules which somehow
simulate real-life situations.
Having that in mind we tend to observe that drivers know how to make ecodriving adjustments when instructed to. Indeed, from the various baseline drive, we
saw that the drivers managed to correct successfully various non-eco drives. For
example, looking a the number of periods for sharp acceleration/deceleration, which
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is an eco-driving rule advises to avoid, we can see an adjustment made by drivers
that show a decrease of those events from the baseline drives to the 2 eco-drive
sessions. This information can prove useful in terms of the development of systems
or trainers that could help monitor and advise drivers in the correction of their
driving behavior.
Looking at the effect of driving events on fuel consumption, we tend to observe
that the higher the speed leads to higher energy demands which lead to more fuel
use and more CO2 emitted. The CO2 estimation tends to show that the high-speed
drive consumes more fuel than the rest of the events whereas the low-speed drive
tends to consume less. But we cannot conclusively say that one contributes more
than the other since we do not have an actual reading of the CO2 emitted by the
car, but rather an estimation. A further test needs to be done by comparing these
results with traces containing actual readings to conclusively say that an event leads
to more CO2 emissions.
The driving effects on the heart rate is a bit interesting on a global level. Indeed
we tend to observe that most events have an average of 90 bpm which shows that
the driver was in general calm. But looking at it closely we can see that drivers
tend to stress more in the city portion of the drives rather than the highway or the
suburban portion. We also noticed that the stress levels were more prominent during
the long acceleration, long idling and long constant drive, all typical behaviors from
drives done within a city.
Another way to measure and understand the impact of driving behavior on
CO2 emissions was through machine learning. Our model tries to predict the CO2
emissions base on driving events and vehicle features. Generally, those systems did
very well in predicting the CO2 emissions based on the R2/goodness of fit score
and the RMSE showing quite good values. They were trained with different models
but the tree-based model seems to be the more adequate ones for predicting CO2
emissions. One advantage of using the tree-based algorithm is the fact that we could
derive the feature importance. Since the model predicted the values very well, we
could deduce that those values play a more important role. Interestingly, the result
shows that any feature that helps put speed to the car helps the most in predicting
the CO2 levels.
If we have to talk about the possible future application of this work, having a
model that could learn your driving behavior and predict what you will be emitting
could be beneficial in putting in place supports that could help drivers monitor their
driving behavior. Indeed, over the years, we have seen more and more integrated
computers within the car dashboard that display various information about the
car. Knowing that it is possible to identify driving events and that through this
experiment, drivers can adjust their driving behavior based on advices given before
the drive, there could be systems that monitor your driving behavior and help advise
their user in driving in a more eco-friendly manner. Through the use of the data
already picked by the sensor within a car, and the use of an even detection model
such as the one presented in this paper, we could be able to build a useful system
that could monitor the various variables and driving behavior and advise the user
on what to adjust while driving.
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Chapter 5

conclusion
Over the past decade, a lot of effort was put by the European Union for a greener
environment. The transport sector was not spared with a lot of policies enforcing a
more sustainable approach. We have seen that throughout his paper and among
other related papers, that eco-driving will save anything between 2% to 20% of your
annual fuel bill.
A lot of research has been done to understand the effect of, and advices on
the concept of eco-drive. We have seen in Section 1 the way eco-driving evolved
overtime. It started with an instauration of rules or golden/silver rules that were
tested by various researchers to decrease fuel consumption due to driving. Those
established rules state that in summary, vehicle mass, speed, gear, road slope, number
of passengers, etc. have a role in the increase of CO2 emissions.
Based on the literature above, we investigated if we could identify driving
behaviors that are related, positively or negatively to the increase of CO2 emissions.
This is our we managed to find 10 different driving behaviors events which were saved
in a fuzzified format. From those identified driving behaviors, we have observed how
they were distributed and their direct effect on CO2 emissions. We have realized that
high-speed drives are the one that contributes the most the increased CO2 emission
rate. This is due to the U-shaped emission curve that emits more CO2 during low
and high speeds. Drivers should do their best to drive at the car’s optimal speed.
This optimal speed, unfortunately, varies from car to car.
Upon identifying the behavior, we then observed the effect they had on the heart
rate. We realized the average heart rate does not change over time and that situation
of stress happens in every single event. However, plotting the excess stress revealed
that there is more stress (higher rate of abnormal bpm) in city roads rather than in
highways and suburban roads.
Finally, we wanted to see what are the most important driving behavior to
predict the CO2 emission rate and how well does a model predicts those. Hence,
we ran our data set through a pipeline that would impute the data, pre-process it,
do hyperparameter tuning with a random search, followed by a grid search before
running a regressor on it. After trying several regressors we realized that the gradient
boosting and the random forest work better in predicting the C02 rate. Indeed,
we have managed to create a model with a pretty decent accuracy from which we
derived that high-speed drive and engine rpm are the most important features for
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prediction.
Lastly, there are so many applications and benefits in implementing an ecodriving habit. With the increase of technology and the EU 2050 no emission goal, we
are positive to see and advancement in eco-driving behavior. The ecological benefit
along with the financial saving contributes a lot for the EU to push that habit more
and more into the driving plans in the Eurozone. Our first phase will be to attempt
to identify a model or family of models that would work the best with the dataset
in our disposition. At the end of this phase, we will pick a family of models that
would be the most appropriate to make a prediction and extract the most relevant
information to understand the impact of the variables on fuel consumption
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A. Drive Behavior

(a) sharp acceleration

(b) sharp deceleration

(c) constant speed

(d) long acceleration

(e) slow drive

(f) high speed

(g) moderate start

(h) moderate break

Figure A.1. Most common location of driving behaviors during drives.
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(a) Violin Driving Behavior/CO2 emission

(b) Box Driving Behavior/CO2 emission

Figure A.2. Distribution of the driving behavior compared to CO2 for the Baseline Drive
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A. Drive Behavior

(a) Violin Driving Behavior/CO2 emission

(b) Box Driving Behavior/CO2 emission

Figure A.3. Distribution of the driving behavior compared to CO2 for eco-drive session 1
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(a) Violin Driving Behavior/Co2 emission

(b) Box Driving Behavior/CO2 emission

Figure A.4. Distribution of the driving behavior compared to CO2 compared for eco-drive
session 2

Figure A.5. Distribution of heartrate above 150 by driving behavior
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Appendix B

Gradient Boost Results
Hyperparameter Tuning: Random Search initial grid:
• ’alpha’: [0.1, 0.5, 0.9, 1],
• ’max depth’: [10, 20, 30, 40, 50, 60, 70, 80, 90, 100, 110, None],
• ’min samples leaf’: [1, 6, 8, 12]
• ’min samples split’: [2, 4, 6, 10, 20],
• ’n estimators’: [10, 20, 50, 100, 200, 400, 600]
Hyperparameter Tuning: Random Search best hyperparameters
• ’alpha’: 0.9„
• ’max depth’: 100,
• ’min samples leaf’: 6
• ’min samples split’: 4
• ’n estimators’: 50
Hyperparameter Tuning: Grid Search Results
• ’alpha’: [0.8, 0.9, 1],
• ’max depth’: [100, 120, 150],
• ’min samples leaf’: [4, 6, 8]
• ’min samples split’: [4, 6 8],
• ’n estimators’: [10, 20, 50, 100]
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B. Gradient Boost Results

(a) train/test ration 50/50

(b) train/test ratio 70/30

(c) train/test ratio 90/10
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Table B.1. Scores for the Gradient Boost model used on various train/test ratio

train/test Ratio
50/50
70/30
90/10

R2

RMSE

0.08
0.8866
0.8658

12.22
2.016
4.4984
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