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Abstract—Vehicle mobility analysis is a critical input to sup-
port mass adoption of electric vehicles (EVs), design required
charging infrastructures, and forecast the impacts and risks of
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I. INTRODUCTION

The pressing need to decarbonise the transportation sector
require the phasing out of petrol and diesel vehicles [1].
Electric vehicles (EVs) are the most promising technology op-
tion to offer low-carbon ground transportation [2]. To support
mainstream EV adoption, most members of the G7 countries
including the UK, the USA, and the EU, have introduced bold,
time-bound, and front-loaded plans in the form of subsidies,
tax breaks, and ban on the sale of petrol cars [3]. Despite
significant improvements in the battery technology [4], the
adoption rates are hindered by range anxiety, lack of sufficient
charging infrastructure, and relatively high procurement cost.

Transition to EVs in the Gulf Cooperation Council (GCC)
regionis particularly challenging due to highly subsidised
petrol prices and extremely hot desert climates which degrades
EV batteries. Ambient temperatures in summer could easily
exceed 45 °C between May - October period and high demand
for air conditioning reduces all electric ranges [5]. Therefore,
EV charging infrastructure planning is a critical stage to meet
the mobility needs of the drivers and to enable seamless
transition towards electrified transportation.

Accurate estimation of EV energy consumption and recharg-
ing needs is a complex task due to the impacts of multiple
non linear parameters such as ambient temperature, road type,
traffic congestion, trip distance and drivers’ aggressiveness
[6], [7]. Field studies reveal that energy consumption rage
(Wh/km) is often higher than the manufacturer’s specification
[6]. In some cases, national travel surveys are used as a basis
to simulate EV mobility patterns and recharging needs [8],
[9] by developing probabilistic demand analysis. Although
such models provide useful insights, they fail to capture the
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impacts of aforementioned factors and rare-events (e.g. local
demand peaks) affecting power grids. In addition, national
travel surveys exist in a handful of countries (EU, UK, USA,
etc.) and do not exist in the GCC region. Therefore, GPS traces
are critical inputs to examine the temporal alignment of EVs
electricity and mobility demands [10].

Due to lack of EVs in the GCC region, GPS traces collected
from petrol cars could be used as inputs to EV mobility
simulators [11] to examine the performance of EVs and assess
the battery packs needed to complete real-world trips made
by petrol cars. To that end, contributions of this paper can be
listed as follows. First, we collected high resolution GPS-based
mobility data from seven cars (six petrol cars one EV) using
telematics devices for one year in Qatar. Our datasets include
critical information such as speed, location, acceleration, idle
period. Second, the gathered data is processed using machine
learning based clustering algorithms to reveal location analysis
to analyze daily activities, trip patterns, and impacts of weather
on fuel efficiency. Third, case studies are presented to assess
the suitability of existing EV models in Qatar and provide
evidence-driven recommendations on possible EV charging
options. To the best of author’s knowledge, this is the first
study conducted in the GCC region.

II. LITERATURE REVIEW

Over the last years, there has been a growing body of
literature on the analysis of electric vehicle mobility patterns.
The first group of papers present data analysis and collection
from EVs and petrol cars using data loggers and telematics
devices [7], [12], [13]. In [12], mobility traces of 40 different
EVs were collected and analysed. The primary focus of the
study is to understand spatio-temporal recharging habits and
it is found that most EV drivers use their cars in a very risk-
averse way due to range anxiety. This finding aligns with
our analyses presented in Section IV that the daily milage
of EV drivers is significantly lower than that of petrol car
milage due to range anxiety. In [13], GPS mobility dataset
was created from 982 drivers of conventional vehicles in Italy
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for over 2 years. The primary goal of the study is to develop a
methodology to identify car driver segments to show segment-
specific usability and impacts on the power grid. In [?], energy
consumption of a Nissan Leaf is measured for four years in
the UK. It was found that ambient temperatures significantly
reduce the driving range, and short trips below 16 km consume
nearly 10% more energy than longer trips.

The second group of studies examine EV mobility patterns
using national travel surveys [8]—-[10]. In [8], the travel surveys
are used to create EV mobility patterns and corresponding
charging loads. A similar probabilistic approach is developed
in [9] using the travel survey of the UK and corresponding
charge demand is estimated using Monte Carlo simulation
techniques. In [10], an EV mobility analysis is carried by com-
bining survey data with mobile phone activity. in California.

A number of studies investigate the factors energy con-
sumption of EVs in real-world driving conditions [6], [14].
Ref. [6] shows that energy consumption rate of EVs is highly
non-linear and depends on weather and driving patterns. It
is reported that the driving ranges of EVs can reduce by
25% during non-ideal weather conditions. In [14], a regression
analysis is carried out to analyse power and energy demand
agains speed and acceleration of eight popular EV models. The
results show that there is almost a linear relationship between
speed and power demand.

III. GPS-BASED MOBILITY DATASET
A. Vehicle Types

The data was collected from seven volunteers who reside in
Doha, Qatar. City of Doha is a metropolitan city with more
than two million inhabitants and its transportation practices
are shaped by the hot and arid harsh desert climate [5].
Temperatures in the summer can reach up to 50 °C with
humidity levels reaching up to 70 percent. The environment
is made bearable by extensive use of indoor and outdoor air-
conditioning. As a consequence, most residents prefer to use
vehicles with high engine volumes (SUVs with 3.0+ engines)
and shift towards electric vehicles is particularly challenging
to provide the same level comfort to drivers [15]. In Table I,
details of the cars are presented. It can be seen that most
cars are SUVs, while there is an actual EV used in this
study. Moreover, driver types further makes an impact. For
instance, cars operated by private drivers are quite common
in large families and their mobility pattern is different the
rest as the private drive could drop off one family member to
workplace and then drive another family member to a shopping
mall. Similar affect could be seen in shared drivers as a
partners sharing the car are likely to have significantly different
behaviour than solo drivers. Due to limited volunteer pool,
only seven cars participated. Nevertheless, since this is the
first study if its kind, the presented results provide important
insights of mobility patterns in the region.

B. Data Acquisition

High resolution GPS data is collected from aforementioned
seven vehicles using Teltonika Fm3001 on-board diagnostic

TABLE I
DETAILS OF THE CARS USED IN THE STUDY.

Driver Driver
ID Gender Make Model Type Type
1 Male Dodge Durango SUV Shared
2 Female Toyota Rav 4 SUV Solo
3 Male Lexus RC350 Sedan Solo
4 Male Kia Optima Sedan Solo
5 Male Volkswagen  eGolf Sedan (EV)  Solo
6 Male Nissan Patrol SUV P]’)rlyate
river
7 Male Honda CRV SUV Solo

(OBD) device [16]. Data presented in this paper covers June
2021 to February 2022 and delivers data every ten-seconds
to an on-premise server and averaged at every five minutes
for better representation. The telematic device is capable of
collecting and delivering variety of information such as speed,
acceleration, GPS location, idling detection, trip length, and
the entire list of attributes can be found on the products
datasheet [16]. Further information such as vehicle fuel level
was possible to collect from the first volunteer as this specific
car allows the OBD device to read this information. Therefore,
the data collected from this car is further investigated and
presented in the next section.

The schematic overview of the data acquisition system is
presented in Fig. 1. The telematics data is transmitted every
10 seconds. Teltonika devices work on a specific TCP based
protocol called Codec-8. This protocol is defined in detail in
the OBD device’s documentation [16]. A software server for
accepting connections from teltonika devices and ingesting
them in a time-series database was designed. More specifically,
Influxdb [17] is used as time-series database. Influxdb is able
to handle 100,000 writes per second on a regular 2-core
machine. This amount of write speed is sufficient for acquiring
data from all telematic devices. All database instances and
code run on docker containers for ease of use and flexibility.
The telematics is inserted into the time-series database in
binary format. which is not yet parsed by the server. We write
scripts to extract data from the binary format using the Codec-
8 and insert into a spatial databases with the latitude-longitude
pairs of the coordinates defining the geometry of each point.

C. Data Processing

As the volume of the data gathered from telematic devices
are large, the following data processing procedures are carried
out. A trip is identified by difference in duration between con-
secutive timestamps. If this difference is less than 10 seconds,
then we deduce that the car is moving. If this difference is
more than 10 seconds, it is assumed that the car is parked
and the engine is off. These settings are configured within
the telematics devices to optimise data transfer. Moreover, to
improve the accuracy of data flow, it was made sure that the
spatial coordinates are within the country boundary for each
car. When the GPS device loses its 3G signal, the coordinates
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Fig. 1. Schematic Overview of the Data Acquisition System .

tend to point to non-calibrated location outside of the state
of Qatar. The second condition is that it is assumed that
the trip only starts when the difference between consecutive
timestamps is more 10 seconds.

D. Location Analysis

Location analysis is one of the most critical parts of this
study to cluster the locations of the vehicles. Most buildings
and parking infrastructures in Qatar have large physical spaces
(e.g. malls, beaches, etc.) and the gathered data need to be ac-
curately mapped to the correct location. To begin our location
analysis, we need to be able to plot data points on a map.
We extract all points from our dataset for a single car where
the trip field is “-1” i.e. the car is stationary. For accuracy
purposes, we change the Coordinate Reference System(CRS)
of the points to a UTM-based CRS so that distance between
the points can be measured in meters. Our purpose is to
automatically identify points that are close together while
making sure points which are not nearby are not clustered and
ignored. These*“ignored” points could represent anomalies that
could possibly be caused by a faulty gps reading. We also want
to avoid creating large unnatural clusters that do not properly
segment the locations.

To cluster data points, density-based spatial clustering (DB-
SCAN) algorithm is adopted to find arbitrary shaped clusters
[18]. In this algorithm, a point is assigned to a cluster (e.g.
home) if it is close to many other points from that cluster.
DBSCAN algorithm has two input parameters e (eps) and the
minPts that shows the minimum number of points required to
form a dense region. The DB-scan algorithm works as follows:

1) Random D points are selected within the dataset;

2) All points within the e radius to D points are identified
as core points;

3) The number of core points keeps increasing till a border
condition is reached;

4) The border condition identifies border points which have
at least one core point within its € radius but does not

have the required number of minPts to extend the cluster.
The border points act as boundaries of the cluster;

5) All points which are not designated as core or border
are designated as noise.

To tune these parameters in an automatic manner grid search
method is adopted. For evaluation purposes, we need a metric
that can inform us about the quality of clustering. In our
experiments, we use the Silhouette Score metric [19] . This
metric ranges from —1 to 1. A score close to boundaries
represent that the clusters are well distinguished, while a score
that is close to O means the clustering is indifferent. The
Silhouette Score is given by
. b—a
Silhouette Score = ——— (1)
max(a, b)

where a denotes the mean intra-cluster distance and b denotes
the inter cluster distance. For instance, for the first volunteer’s
home location, the ¢ is calculated as 55 meters and minPnts
is found as 9.

IV. RESULTS

Our initial analysis investigates the car locations and activ-
ities during an average day. Since driver’s mobility patterns
depend day of the week, weekend and weekday results are
presented separately. As shown in Figs. 2 and 3 location-based
daily activities are grouped into six categories as home, work,
leisure (beaches, sport events, gym etc.), school (to pick up
kids), shopping (a major attraction point in the region), and
others. Since vast majority of the time the cars are park at
home at night, only activities between 6am to 10pm are shown.
This results are critical to evaluate potential locations for EV
drivers to recharge their EVs without major disruptions to their
daily routines. For instance, in both weekend and weekday
cases home charging is the most convenient charging option
the probability of being parked at home is significantly higher
than other cases. This is mainly because vast majority of the
population in resides in the capital Doha, and there is limited
activities and events in the rest of the country.

Workplace charging during weekdays also represent a good
option for drivers who do not have home charging. As shown
in Fig. 2, volunteers who drive to work and park have a
charging window of nearly 8 hours (7am to 4pm) which is
sufficient to charge a typical EV with a level 2 charger. Parking
at shopping malls are relatively shorter than other locations,
therefore, fast charging nodes are better suited.

Our second analysis examines the daily trips (in km) made
by volunteers to estimate number of recharging needed during
the day. As a first step, days with no trips are removed. This
is because there is limited or no mobility during extended
holiday season and days with Covid19 lockdown. To that end,
1100 daily trips of all volunteers are analyzed and empirical
cumulative distribution function of all cars and driver #5 are
calculated and presented in Fig. 4. From this results, it can
be seen that nearly 80% of daily trips are less than 100 km
and only 3% of the trips are higher than 200 km. The case for
the EV is considerable different than the rest of the cars. The
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Fig. 2. Car locations and activities during an average weekday.
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Fig. 3. Car locations and activities during an average weekend.

average daily trip for the EV is about 19 km, 80% of the trips
are less than 26 km and the highest daily trip is 47 km. This
is because due to the lack of charging infrastructure in the
country, most trips took place between home and work, where
recharging mostly occurred. As a consequence, the owner of
the EV used another car (petrol) to complete other trips. The
results reveal that the country’s infrastructure require upgrades
to support mainstream EV acceptance.

Detailed results for each car on the trip statistics are pre-
sented in Table II. It can be seen that there is a wide variation
among median trip lengths and the distance between home and
work is the primary factor determining the trip lengths. For
instance, drivers #2 and #3 live in the same area and work at
the same university. As a result, their trip statistics are close to
each other. This is also the case for drivers #1 and #4 who has
similar daily trip patterns. Vehicle #6 has the highest milage
as this vehicle is driven by a professional driver and serves
multiple people from the same household.

10

Fuel Efficieny (km/liter)

Jan Jul
Month

Nov Dec Aug

Sep

Fig. 4. Cumulative distribution function of daily trips of EV and all cars.

TABLE I
TRIP STATISTICS FOR THE STUDY MEDIAN, AND QUARTILES.

Daily Trip Length (km)

ID Median 25% 75% Total Distance (km)  Total Trips
1 38.5 26.5 59.8 11224.3 12461

2 75.0 302  113.8 7526.0 22341

3 71.7 46.2 1009 10085.0 21131

4 322 26.3 45.3 7072.5 23593

5 20.8 8.1 23.9 784.5 19207

6 76.2 45.1  117.6 20712.9 17446

7 51.3 25.3 68.7 10096.5 19078

A significant challenge that residents in Qatar and the Gulf
region face is hot desert climate which necessitate the use of
air condition both indoors and cars. Therefore, during summer
months vehicles consume extra energy for air conditioning and
fuel efficiency of the card reduce. As Volunteer #1 owns the
only car that allows our OBD device to read fuel levels, this
vehicle’s consumption levels are compared and presented in
Fig. 5. It can be seen that the fuel efficiency (km/liter) reduces
by 24% due to AC usage.

An intensified impact will be experienced by EV drivers
as EV batteries are not designed to operate under hot arid
climates. To improve the battery performance and ensure the
safety, battery management systems use significant amount
of stored energy to cool the battery [20]. Moreover, driver
aggressiveness, a major issue in Qatar (and in Gulf region),
increases energy demand of EVs and reduces daily driving
range. In [21], an empirical study that shows the driving ranges
of popular EVs under different temperatures and driving
performances [22] are presented. Using popular EV models,
EV trip completion rates using the statistics given in Fig. 5,
are presented for winter and summer months. As presented in
Table III, most of the daily trips in winter can be completed
with small-size EVs. On the other hand, summer trips require
significantly higher amount of battery packs.



Analysis of GPS-based high resolution vehicle mobility data towards the electrification of transportation in Qatar

—All Cars
——eGolf (EV)

0.8 J

0.4+ -

Cumulative Distribution Function

200 300
Daily Trips (in km)

0 100 400

Fig. 5. Monthly fuel efficiency for Car #1.

TABLE III
ASSESSMENT OF POPULAR EV MODELS AND CORRESPONDING TRIP
COMPLETION RATES.

Battery Pack  Trip Completion Trip Completion

EV Type (kWh) Rate (%) - Winter  Rate (%) - Summer
BMW i3 332 96 78
Hyundai Kona 64 100 97
Nissan Leaf 40 95 79
Kia Soul 64 100 97
Toyota Rav4 40 90 69

It is noteworthy that the real world impacts could be more
significant due to the following reasons. First, data presented
in [21] shows driving ranges up to 43 °C and the actual
temperatures during the day could easily reach up to 50 °C
in Qatar. Second, EVs need to be parked in shady areas and
need to be connected to a charger to cool down the battery.
If there is lack of chargers, then the stored energy will be
used and daily driving ranges will further reduce. Third, to
ensure safety battery charge-discharge levels are advised to be
in 20%-80% state of charge. Therefore higher battery packs
would be needed.
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