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Abstract—Eco-driving techniques are methods that drivers can
take in order to improve their vehicles’ fuel efficiency. One
way of implementing such methods is to recommend changes in
driving habits focusing on saving fuel. Recommendation systems
in the context of efficient driving may take numerous data
sources as input and serve multiple purposes. In this work, we
develop a recommendation system that suggests changes in engine
revolutions per minute (RPM) that reduce fuel consumption.
We simulate the effects of this system using a vehicular sensor
dataset that contains location, speed, RPM, and consumption.
We also investigate the effects of including location data in the
recommendations as a way to leverage local habits and behaviors.
Both methods reduced fuel consumption in all recorded trips.
Moreover, using only local data yielded a mean fuel reduction
of 43%, whereas using the entire dataset reduced the fuel
consumption in 56% on average. Upon analyzing the resulting
changes, we noted that such a difference in fuel consumption is
due to the local recommendations not having access to global
optimal data points and accounting for local behavior that is
affected by aspects such as terrain.

I. INTRODUCTION

Millions of vehicles enable transportation networks across
the world, moving people and cargo, and produce vast amounts
of data doing so. These data sources comprise what is called
vehicular data, i.e., all data that can be used to describe the
state of a vehicle, its occupants, transported goods, and even
its surroundings at any given moment. Multiple devices, like
smartphones, can collect vehicular data besides the vehicle
itself. Vehicular datasets can contain data from multiple vehi-
cles, which enables more precise and detailed representations
and models.

Vehicular data benefits multiple areas of interest, one of
which is the improvement of fuel efficiency, which means
consuming less fuel and emitting less greenhouse effect gases.
By conducting analyses on vehicular data, it is possible to
identify a set of events and behaviors that decrease such effi-
ciency and act on their causes to avoid them. Eco-driving [1]
comprises the set of recommendations and suggestions that
aim at reducing the impact of traffic in the environment, such
as fuel efficiency, which is the target of this work.

Eco-driving techniques and systems may rely on numerous
data sources to reduce fuel consumption. For instance, terrain
data [2] coupled with sensor readings can improve engine
usage recommendations, while weather and traffic information
can improve routes by avoiding rush hours or traffic jams
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caused by storms, for instance. Furthermore, these two so-
lutions can be combined to ensure that drivers are not only
following optimal routes but also diving efficiently while doing
so. In this work, we use a vehicular sensor dataset to provide
recommendations about engine revolutions per minute (RPM)
to improve the fuel efficiency of trips.
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Fig. 1. Recommendation Process Framework

A recommendation process is comprised of different steps,
as illustrated in Figure 1, which shows a generic eco-driving
suggestion system that might contain other aspects not in-
cluded there, depending on the particularities of the desired
usage. It represents the demand for data and information in
a stacked form, that is, the top layer contains some of the
entities that may request recommendations or transportation
data in general, while the bottommost contains the sources
of raw data that will feed the systems. In this work, devices
such as smartphones and vehicles’ internal processors use the
RPM and gear value changes to reduce fuel consumption.
The gear value changes are a result of an algorithm that
uses machine learning techniques and needs communication
methods such as LTE to gather data it requires, which was
acquired from sensors in multiple cars. The figure also points
that data generated by algorithms may eventually be fed back
into the system, as more drivers use the recommendations.

Our approach uses data from multiple trips recorded by
a single vehicle model to determine the best eco-driving
behavior, given a driving context. This is mainly because
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Fig. 2. Framework for different eco-driving recommendation strategies

the data source we use in this work comes from individuals
who collected and shared data from their vehicles using a
smartphone app (see Section IV). As already pointed out,
other datasets could be used as part of this recommendation
system. We understand that the driving context encompasses
all descriptors of a given moment from a vehicle standpoint.
For example, current speed, RPM, neighboring vehicles, ter-
rain, and traffic signs describe the driving context, and, in
this work, we focus on the first two descriptors. We base
our recommendation on finding the RPM value within similar
context that minimizes fuel consumption. In doing that, we
search and recommend changes in the driving behavior that is
relevant to drivers’ contexts.

Figure 2 illustrates a framework with different fuel-saving
strategies that we compare in this work. We propose two novel
approaches, delimited by the gray and white areas, and we
compare them to a strategy proposed by Rettore et al. [3], high-
lighted by the dashed rectangle. Our threshold-based approach,
delimited by the white area, consists of selecting only sensor
readings that have RPM values within a specific range from
the instant reading. Among these possible values, we identify
the ones that historically reduce fuel consumption, given the
instant speed, to be the recommended value. We also propose
a location-based recommendation, which adds a filter to the
threshold-based process. After selecting all readings from the
same model, we also select only the observations made within
the same spatial grid cell as the current readings. With this
step, we leverage location to provide contextually-appropriate
recommendations to drivers and avoid recommending driving
behaviors unsuited for regional conditions.

The remainder of this work is organized as follows: Sec-
tion II presents the related work that targets at reducing fuel
consumption and eco-driving practices; Section III describes
the dataset we used in our investigations and how it was
collected; Section IV describes a baseline recommendation
approach as well as our proposed strategies, one that uses
all observations of a vehicle model and other that uses
observations of that model grouped by region; Section V
presents our simulation process and the results yielded by
the recommendation strategies on it, and finally, Section VI

presents our conclusions and discusses some possible future
extensions of this work.

II. RELATED WORK

Collecting sensor data from multiple vehicles in urban areas
is a fundamental task in order to gain knowledge about drivers’
behavior and its relationship with other aspects of driving,
such as fuel consumption. Traditionally, fuel consumption
is measured and regulated using driving cycles, which are
routines that recreate common traffic situations [4]. With the
introduction of new communication and sensing capabilities to
more vehicles, it is also possible to acquire sensor data from
multiple cars in near real-time, which paves the way to new
consumption models and studies based on real-world fuel data.

Some studies found in the literature focus on reducing fuel
consumption and CO4 emissions but do not deal with these
variables directly. Instead, researchers pay attention to sensors
that monitor the interaction between drivers and vehicles. Zhao
et al. [5] used speed sensor data to avoid drivers stopping at red
traffic lights. The authors calculated time windows in which
vehicles would not be stopped and suggested adjustments in
cruise speed to match such windows. Schroder and Cabral [2]
used different maps to infer elevations in roads to estimate
fuel consumption in a city road network and trace routes
that, instead of optimizing traveled distance, optimize fuel
consumption.

There are different ways of approaching the task of tracing
routes optimized for minimal fuel consumption, depending
on the type of data and driver’s interaction. Magafia and
Muiioz-Organero [6] developed a driving assistant that uses
artificial intelligence techniques and sensor readings to issue
recommendations that reduce consumption. Saremi et al. [7]
reported the usage of GreenGPS, an application that takes
sensor readings to infer fuel consumption in streets, and
uses this information to trace routes with the smallest fuel
consumption. Xiong, Cao, and Yu [8] focused on improving
the efficiency of hybrid vehicles by using driving cycles to
determine the best battery power usage profiles during a trip.

Eco-driving techniques include a set of behavioral sugges-
tions that vary from maintenance routines to driving habits [1].
Ayyildiz et al. [9] presented a case study of training freight



drivers in eco-driving behaviors that resulted in lower fuel
consumption. Their study identified behaviors such as early
gear changes and soft acceleration patterns as causes of effi-
ciency loss. Gear changes are a point investigated by Rettore
et al. [3]. The authors identified a relationship between instant
fuel consumption and current transmission gear, and then
investigated the potential impact of a gear recommendation
service that suggests changes based on optimal fuel efficiency.
This work is mostly related to the study conducted by
Rettore et al. [3]. Our work uses sensor data to recommend
changes in engine demand, which, in turn, may result in gear
changes that lead to better efficiency. On the other hand,
that work recommends gear changes based on pre-established
torque requirements, not taking into account current driving
states, nor other observations made in the same region.

III. DATASET DESCRIPTION

The data used in this work was collected from the enviroCar
project [10], a project that allows users to collect and share
data from their vehicles using a smartphone app. Currently,
there are over 800 registered drivers using the app, who
logged over 17,000 trips, comprised of more than 5.5 million
individual observations. Each observation contains location
and time data, as well as information about the used vehicle
and readings from up to 24 vehicular sensors. However, it is
important to mention that not all vehicles will collect data from
all sensors, as different models can have different interface
projects. In fact, some sensors do not have recorded readings
at all.

EnviroCar users collect vehicular data around the world,
but the majority of its recorded trips concentrate in Germany,
where 94% of the trips pass through German territory. Trips
are mainly concentrated in the city of Mononchengladbach
(46% of the total), which had a partnership between its admin-
istration and the application that encouraged drivers to record
their trips in specific days. Because of this concentration, we
chose to investigate trips of a particular model of vehicle that
has the most observations recorded in the city area. In total,
there are 234 trips recorded with this model, accounting for
327 thousand observations

IV. ECcO-DRIVING RECOMMENDATIONS

Eco-driving recommendations target improving environ-
mental efficiency by suggesting new behaviors and habits
to drivers. For example, these changes can be related to
maintenance tasks like aligning the wheels or driving habits
like accelerating and braking softly. In this work, we focus on
the interaction between drivers and vehicles and on one of the
ways it can be measured: gear changes.

In vehicles, gears transmit the power generated on engine
revolutions to the wheels, and, in doing that, they pose dif-
ferent relations between the engine’s fuel consumption and its
power delivery. By pressing harder on the acceleration pedal,
drivers demand more power from the engine, causing it to
increase its revolutions per minute (RPM), and thus, consume
more fuel. In manual transmission vehicles, drivers can choose

to change gears at any point in time. Higher gears bear higher
speeds, at the cost of delivering less torque to the wheels. On
the other hand, lower gears deliver more torque but can not
tolerate high speeds. Figure 3 illustrates the relation between
speed and RPM, which presents groupings that coincide with
the different gear ratios. This figure uses real vehicular data,
grouped using the k-means clustering method.
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Fig. 3. The relationship between speed and RPM commanded by gears

A. Baseline Approach

The first step in our work is to establish a baseline recom-
mendation system that also targets gear changes in order to
improve fuel efficiency. Rettore et al. [3] presented a method
that analyzes vehicular data to determine ranges of speeds in
which each of the gears is the best option to reduce consump-
tion while keeping engine torque at a minimum determined
level. The authors initially cluster RPM and speed values in
a similarly to Figure 3. In order to simulate gear changes
according to their recommendation schema, they defined speed
ranges for each gear, such that the new gear ¢’ assigned to a
speed value s is defined by ¢'(s) as follows:

i if Tim(i) < s <lim(i+1),i € [1,..., |G| — 1]
0 if s < lim(1)
G if s > lim(|G])

g'(s) =

(D
where G refers to the set of gear values determined by the
transmission system and lim(g) is defined as

lim(g) = argmin(mean(t|s, g) > tmin) )

where t represents torque values measured by the engine
load sensor. Equation 2 serves the purpose of determining the
minimum speed at which the mean observed torque value is
greater than a defined threshold. By applying this equation, it
is possible to determine a speed beyond which changing gears
would not result in low torque outputs.

In order to simulate the fuel consumption yielded by adopt-
ing the recommendations, the authors assume that the con-
sumption takes the mean consumption value of all observations
that share the same speed value. This recommendation does



not always yield a reduction in fuel consumption, given that
a trip may contain a new minimum consumption value. To
overcome this fact, the authors take the minimum between
the calculated and observed consumption values for each
observation.

B. Threshold-Based Approach

In this work, we present a new recommendation schema
based on this baseline. We consider that grouping all readings
for a given speed value in the same gear may result in
abnormal or impossible driving scenarios. For instance, there
are speeds for which there are more than four possible gears,
and changing from the lowest to the highest value or vice-
versa would not be feasible in real scenarios. Furthermore, our
approach does not consider torque values. Instead, we focus
on the RPM readings that also reflect the torque outputted by
the engine.

Like our base approach, we consider that the speed value
s can not be changed, but other variables, such as rpm 7
can receive new values, provided that the pair (r, s) has been
observed before. We also consider the current torque demand
by limiting the range at which r values are considered using
a threshold. With that, given an observation with speed s and
rpm 7, we define the set of candidate state changes C' as

C ={o€Ol|os=s,08r <o, <12r} 3)

which denotes the set of observations o contained in the dataset
O that have the same speed value oy as the value s being
evaluated and whose RPM value o, is within an arbitrary 20%
variation threshold of the original r value.

By considering only those readings that registered the same
speed and RPM values within a specific limit, we addressed
one of the shortcomings of the baseline recommendation
method that is its abnormal gear changes. In order to evaluate
this, we ensure that gears are correctly assigned to readings
in the case of an RPM change recommendation. We fitted
a k-means classifier to assign colors and gear values to the
observations in Figure 3, and in our experiments, we use the
same readings. The trained classifier has information on the
gear ratios that determine gear values. Thus, assigning new
gears to observations that received new RPM values is a matter
of feeding them to the same k-means classifier.

Equation 3 defines the set of candidate RPM values, and
with that, we choose the best candidate according to their
mean fuel consumption. Choosing the RPM that results in the
highest efficiency does not mean that action will be taken,
given that the current vehicle state may be the optimal behav-
ior, considering all data gathered so far, and thus, changing it
would result in an increase in consumption. As a result, trips
become a mix between recommended new data, in the cases
of improvements in efficiency, and original readings, which
have the optimal observed behavior.

C. Spatial Clustering and Location-Based Recommendation

Given that there are aspects of the driving activity associ-
ated with location, taking them into account is expected to

yield more realistic results. The recommendation policy we
developed assumes that instant speed can not be changed.
Otherwise, trips’ structures would suffer alterations that would
require generating new traces. With the targeted variable being
engine RPM, local variations capture aspects such as the way
drivers interact with their vehicles and the environment.

Furthermore, the approach of using observations from the
same regions takes into account environmental variables, such
as terrain. Ascending slopes naturally require more power from
vehicles climbing them, as compared to a flat or descending
stretch. In order to output more power, drivers use lower
gears or push the accelerator pedal harder, both of which
cause increased fuel consumption. These two changes can also
improve efficiency in reverse situations, such as downbhills, by
using lighter gears and requiring less power from the engine.
By taking into account the region in the recommendation task,
our approach considers these local variations induced by the
terrain and finds the optimal observed actions.

To consider observations’ location in the recommendation
service, we essentially change how we select the candidates in
our proposed recommendation strategy, defined in Equation 3.
Our location-based recommendation approach selects candi-
dates based on their current speed and RPM values, given an
RPM threshold, but conditioned to the fact that all candidate
observations belong to the same spatial cluster, represented
by grids that comprise an area of approximately 1km?. With
that, we define the set of candidate observations Cygig for the
original setup comprised of speed s, RPM r, and grid group
g as

Cyria = {0 € Olog = g,05 = 5,08 <o, < 1.2r} (4)

where O denotes the set of all observations, and the threshold
to consider RPM states as candidates is a 20% variation over
the original value.

V. PERFORMANCE EVALUATION

We evaluate the performance of the proposed recommen-
dation algorithms by simulating the recommendation systems’
behavior on the enviroCar dataset’s sensor readings. We be-
lieve that, with access to the required resources, it would
be possible to deploy all three systems on small processing
devices and connect them to cars’ OBD ports to gather real-
time readings and give drivers feedback on their consump-
tion. In our simulations, we compare the performance of the
proposed recommendation algorithms by comparing them to
the original dataset and the recommendations generated by an
implementation of the baseline approach by Rettore et al. [3].
We not only evaluate the differences in fuel consumption but
also how recommendations would affect drivers’ behavior. To
evaluate the latter, we look into the gear and RPM values
assigned by the methods.

The most significant impact of the eco-driving recommen-
dation strategy we developed is to reduce the fuel consump-
tion, which is related to CO2 emissions. Reducing these two
variables is one of the missions of eco-driving techniques,
which aim at making driving more environmentally efficient.
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Compared to the original dataset, our baseline approach re-
duced fuel consumption 23% on average, while our threshold
approaches achieved a 43% mean reduction using the spatial
clusters, which improved to a 59% reduction when consid-
ering the entire dataset. We credit the difference between
the baseline and both threshold methods to the grouping of
observations made by the baseline algorithm. That approach
groups all observations in the same speed value into the same
gear, including data points with inadequate original gear and
RPM values in its recommendation. On the other hand, our
approaches limit their choices of recommended states to a
defined limit based on the original values, which limit them
to pertinent changes only.

Compared to the original dataset, applying all three methods
resulted in less fuel consumption in all recorded trips. Both
methods we proposed in this work reduced total fuel consumed
on all trips, compared with the baseline method. We present
such reductions in Figure 4, by illustrating the consumption
distribution divided into gears.

That figure shows that the most significant improvements
in fuel consumption were in gears 1 to 5, which correspond
to the gears with a well-defined linear relationship between
speed and RPM, as seen in Figure 3. Gears 0 and 6, in which
the threshold and grid methods presented fuel consumption
above the original dataset, represent unusual operation states,
such as takeoffs and gear changes. In fact, the increase in fuel
consumption on gear 0 can also be a result of the migration
of some of its original observations to other gear, as a result
of suggested RPM values.

Comparing the two threshold approaches, one using the
entire dataset, and the other using grids, we note that the
median value using grids is always higher than considering
all observations. The reason for that difference lies in the
selection of local and global minimum values. The grid method
takes into account a subset of the dataset, looking for the local
behavior that leads to minimum fuel consumption, while the
threshold method can evaluate all observations and find the

global minimum values. This difference is also the reason why
the number of outlying points is smaller with the threshold
method; that is, it can fit abnormal situations into more
common states by recommending behaviors observed in other
regions.

We now evaluate the impact of these methods in the
resulting gear values, as compared with the original dataset’s
values. Figure 5 presents the changes in gear values caused
by the three methods as compared with the original dataset,
as well as the original gear value distribution, and the resulting
distributions after each of the recommendation methods. Each
of the three matrices presents the joint distribution of gear
values, illustrating the changes in values caused by them. Each
cell, defined by (o, g) contains the ratio of observations whose
original gear value was o and changed to g after each method’s
recommendations. For example, in the baseline approach, 23%
of the observations had their original gear value o = 0, and
the algorithm kept such values. On the other hand, the same
observations with original gear value o = 0 were assigned new
gears g = 3 by the threshold and grid methods.

Regarding the two new proposed methods, we note that they
tend to change the original gears. While the baseline method
kept 27% of the original gear values, the threshold and grid
approaches kept 17% and 24%, respectively. It is also possible
to note that the value change patterns of both methods are
similar, meaning that the majority of the original gears tend
to be changed into the same new values, only differing in
the proportion of such values. For instance, the observations
initially assigned to gear 4 changed into gears 2 and 5, the
first more frequently than the last in the grid method, while
we observed the opposite in the threshold method. The similar
gear change patterns also make the resulting distributions is
also observed in the resulting distributions.

VI. CONCLUSION AND FUTURE WORK

In this work, we presented two new eco-driving recommen-
dation tools. Among the various aspects of driving that eco-
driving techniques focus on, we drew our attention to gear
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changes and engine RPM. We proposed a recommendation
tool and tested it using two datasets: the entire collection of ob-
servations from a single car model, and the observations of the
same model grouped into spatial grids. Our recommendation
algorithm evaluates the effects of changing RPM values while
keeping the same speed on fuel consumption. These changes
can result in gear changes as well, and we also simulated this
effect.

We developed two new models, one that uses the entire
dataset and others that only considers observations made in
the same region. In our simulations, both models improved
fuel efficiency, both considering the original dataset and the
baseline method. However, the model that uses the entire
dataset performed better than the regional model, given that
the first has access to global optimal observations, instead of
local optimal readings. Moreover, the similar changes in gear
values stress the fact that both recommendation strategies yield
comparable results, although one only uses a subset of the
dataset. Nevertheless, our results show that even considering
local observations, our recommendation method had a positive
impact on fuel consumption.
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