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Editor

Dear Valued ECTI Members,
In this issue of ECTI E-Magazine, the last one in 2017, we are pleased to publish a review article titled
“Acquiring Fundamental Traffic Variables with Mobile Sensors” by Assoc.Prof. Dr. Sooksan Panichpapiboon (King
Mongkut’s Institute of Technology Ladkrabang). It describes recent research trends in intelligent transportation
system with the focus on availability and access of traffic variables today and the future.
Next year, a number of interesting conferences will be held, particularly, the ECTI-CON 2018 (Chiangrai),
ECTI-CARD 2018 (Phitsanoulok), ITC-CSCC 2018 (Bangkok), ISCIT 2018 (Bangkok), among others. I urge the
members as well as the public in this region and the world to register for these events. The conference gathering
is important for academic people, technicians, researchers and industrial sector to learn new ideas, progress as
well as socialize at excellent locations. Some of these conferences have reduced rates and even offer limited
travel fees for ECTI members.
In addition to the activities/Workshops of each Technical Area as well as the ECTI Association, list of articles
in the ECTI Journals, upcoming sponsored conferences and seminars, we welcome the articles related to the
activities, collaboration projects at your research group, laboratories or research centers. Should you have any
comments or suggestions to improve the ECTI E-Magazine so that it serves our members better, please do not
hesitate to contact us via E-mail (ecti.emagazine@gmail.com) or ECTI Association Facebook.
From next year, the new committee members (2-year terms) will start working. I hope that members will
continue to volunteer your time in various activites, and importantly, supports the ECTI Association in the years
to come.

Pornchai Supnithi
ECTI E-Magazine Editor

Watid Phakphisut
ECTI E-Magazine Assistant Editor
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Acquiring Fundamental Traffic Variables with Mobile Sensors
Sooksan Panichpapiboon
ABSTRACT
Fundamental traffic variables such as speed, density, and
flow are important for modeling the traffic dynamics. A
traffic model lets us understand how the traffic behaves and
helps us regulate it better. In addition, real-time traffic
information has become a crucial element of intelligent
transportation. With real-time traffic information, human
motorists as well as autonomous vehicles will be able to
select the most efficient routes to their destinations.
Acquiring accurate traffic data is the heart of any traffic
information system. Traditionally, raw traffic data are
obtained from fixed sensors that are installed in an
infrastructure-based traffic information system. These data
are then processed and transformed into meaningful traffic
variables such as speed, density, and flow. However, it is
foreseeable that vehicles will be used as mobile traffic
sensors in the near future. Consequently, what used to be
obtainable easily with fixed sensors in an infrastructurebased system may no longer be obtainable when mobile
sensors are used. New methods for acquiring accurate
traffic variables with mobile sensors are required. In this
article, we discuss how the fundamental traffic variables are
typically obtained in the traditional fixed sensing system
and explore how they can be obtained in the new mobile
sensing paradigm.

Keywords
Traffic sensing; Vehicular sensing; Mobile sensors; Intelligent
transportation systems

I. INTRODUCTION
Real-time traffic information is an essential element of
intelligent transportation in a smart city. With the real-time
traffic information, human motorists as well as autonomous
vehicles will be able to select the most efficient routes to
their destinations. Moreover, it also allows dynamic
rerouting to be done wisely in the case that a traffic incident
occurs. The traffic information is not only resourceful to the
road users, but it is also valuable for the authorities.
Historical traffic data have been used extensively by the
authorities in transportation planning, design, and
operation.
Currently, many cities have their own traffic information
systems, which are capable of reporting up-to-date traffic
condition to the motorists. However, most of the current
traffic information systems are an infrastructure-based
system, where the traffic data are collected from fixed

Figure 1:
system.

A typical infrastructure-based traffic information

sensors such as inductive loop detectors and surveillance
cameras. A typical infrastructure-based traffic information
system is shown in Fig. 1. It mainly consists of three parts: (i)
the sensors, (ii) the data collection center, and (iii) the
information outlets. The sensors are installed on the road to
collect the traffic data. The most commonly used sensors
are inductive loop detectors and surveillance cameras. The
traffic data collected by these sensors are then passed to
the data collection center for processing. Finally, the data
collection center processes the data and disseminates the
traffic information back to the motorists through various
kinds of information outlets, including traffic display boards,
websites, social media, etc.
Relying on fixed sensors, however, has many
shortcomings. First, the sensors need to be installed on the
road network. This usually takes a great deal of time and
efforts. For example, installing inductive loop detectors
would involve digging up the road surface. Second,
maintenance of these sensors in the system is troublesome.
Third, it is expensive to install fixed sensors to cover a large
area (e.g., city-wide or state-wide coverage). Finally, data in
the areas where there are no sensors installed cannot be
collected.
With an emerging new technology such as connected
vehicles (also known as vehicular ad hoc networks or
VANETs) [1], [2], a paradigm shift in traffic sensing is on its
verge. With this technology, vehicles will be able to act as
mobile sensors and collect the traffic data as they travel.
They may also disseminate and share the traffic information
with others. Hence, traffic sensing can be shifted from the
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fixed sensing approach to a mobile sensing approach. A
mobile sensing system has many advantages over the
traditional infrastructure-based sensing system. First, it is a
lot more convenient to install sensors on a vehicle than on
a road. Sensors could be installed on a vehicle by the vehicle
manufacturer, or they could be installed later as add-ons by
the vehicle owner. Second, maintenance of these sensors
becomes much simpler. Sensors can be inspected regularly
when a vehicle is taken for its scheduled checkup. Finally,
and most importantly, vehicles can travel anywhere in the
road network; therefore, the traffic data can be collected
from everywhere.
In addition to the connected vehicles technology,
advances in the mobile devices technology also make
mobile sensing even more realizable. Mobile devices such
as smartphones and tablets are now equipped with a variety
of sensors such as global positioning system (GPS) receiver,
accelerometer, gyroscope, camera, and microphone. These
sensors can be exploited to collect traffic data. Moreover,
smartphones are now adopted by a large number of users.
Consequently, a person with a smartphone can turn any
vehicle, whether new or old, into a mobile traffic sensor. This
makes smartphones a great choice for mobile traffic
sensing devices.
Nonetheless, using vehicles as traffic sensors brings
many new challenges. Since the sensors now become
mobile and distributed, the methods and algorithms that
have been used for sensing, extracting, and processing the
traffic data in the traditional infrastructure-based sensing
system may no longer be applicable. There is a stark
difference between the types of measurements that a fixed
sensor and a mobile sensor make. Fixed sensors are
typically designed to collect spot measurements, which are
measurements at a specific observation point over time. For
example, an inductive loop detector collects a count of
vehicles at an observed location on a roadway over time. In
contrast, the mobile sensors move along with the traffic
stream and do not make measurements at a specific spot
over time. Moreover, the traffic variables that are easily
collectable by the fixed sensors might no longer be
obtainable easily with mobile sensors. For example, vehicle
counting can be done easily with a loop detector. However,
it is not trivial to count the number of vehicles passing an
intersection with a mobile sensor, especially in the practical
situation where only some of the vehicles on the road are
equipped with the sensors. Hence, the new ways of sensing
and extracting the traffic information will be needed.
The rest of this article is organized as follows. In Section
II we discuss how the fundamental traffic variables such as
speed, density, and flow are obtained in a traditional
infrastructure-based sensing system. In Section III, we
explore how these important traffic variables can be
obtained in a mobile sensing system. Finally, we conclude
this article in Section IV.
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II. ACQUIRING TRAFFIC VARIABLES WITH FIXED
SENSORS
The three fundamental traffic variables that are used to
describe the macroscopic traffic dynamics are speed,
density, and flow. These three variables are related through
the well-known fundamental relation [3], which can be
written as

f = v

(1)

where f is the traffic flow rate,  is the traffic density, and v
is the space mean speed. In this section, we describe how
each of these fundamental traffic variables are obtained in
the traditional infrastructure-based sensing system.
A. Speed
The average speed is a macroscopic variable that measures
how fast the vehicles in the traffic stream move. It is typically
measured in a unit of m/s or km/h. In an infrastructurebased sensing system, an inductive loop detector is usually
used to sense and collect the speed of a passing vehicle. An
inductive loop detector is a sensor which is implanted on a
road surface [4]. When an object (e.g., a vehicle) passes over
or lays on top of the loop detector, it changes the
inductance of the loop. The change in the inductance
indicates the presence of an object, and the knowledge of
the presence/absence of an object can be used for vehicle
counting. Furthermore, by using two inductive loop
detectors, the speed of a vehicle can be determined. In
order to determine the vehicle speed, two detectors will be
placed and separated by a known distance, denoted by d.
The time at which a vehicle passes the first detector,
denoted by t1, and the time at which it passes the second
detector, denoted by t2, will be recorded. The vehicle speed
can simply be obtained from d/(t2 - t1). The speed of each
passing vehicle can then be aggregated at the data
collection center, and the average speed of the vehicles
during a specified period can be calculated.
Many modern infrastructure-based sensing systems
use cameras as sensors for collecting the traffic data.
Typically, cameras will be installed highly above ground in
order to get an overlooking view of the traffic scene. A
video stream from each camera will be relayed to the data
collection center for processing. The speed of each vehicle
in the camera scene can be obtained through feature
tracking. By tracking the positions of the vehicles over
consecutive video frames, it is possible to determine the
distance that each vehicle moves per unit of time [5]–[8].
This allows the system to determine the speed of each
vehicle passing the camera as well as the average speed of
the vehicles in the traffic stream.
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B. Density
Density is a traffic variable that measures the spatial
occupation of vehicles per unit road length. It basically
indicates how packed the vehicles are on the road. Density
is measured in a unit of vehicles per meter (veh/m). The
most direct way to measure the traffic density is by counting
the number of vehicles that are simultaneously present on
the observed road space. This may be done through aerial
photography. For example, a satellite image can provide an
aerial view of a road section, and thus the number of
vehicles on the section can be counted from the image.
However, aerial photography might not be practical,
especially for a long-term solution which regularly makes
measurements. As a result, traffic density is usually derived
indirectly from other traffic variables. In an infrastructurebased sensing system that uses inductive loop detectors,
the traffic density can be derived indirectly from other traffic
variables collectable by them. In [9]–[11], traffic density is
derived from the speed and flow data collected by inductive
loop detectors. In [12], traffic density is estimated from the
ratio of the number of vehicles that moves between a pair
of loop detectors and the distance between them. In
addition, the traffic density can also be indirectly derived
from the percent occupancy, which is the percentage of
time that a point on a road is occupied by vehicles [3].
Intuitively, if a point on a road is occupied for a larger
fraction of time, it suggests that the traffic is denser. For
example, 100% occupancy implies that a point on the road
is always occupied, and this suggests that the traffic is
extremely dense.
In a traffic information system that uses video cameras
as sensors, the traffic density can be estimated from the
number of vehicles in the traffic scene. Basically, the
effective road area in the scene will be defined, and the
number of vehicles that are simultaneously present in the
area will be counted. There are a number of algorithms for
vehicle detection and counting [13]–[16]. The data collection
center can use these algorithms to process the video stream
and acquire the traffic density in the observed area.
C. Flow
Flow rate is a traffic variable that measures the number of
vehicles passing an observation point per unit of time. It has
a unit of vehicles per second (veh/s). It is straightforward to
determine a flow rate in an infrastructure-based system
because a vehicle count can be obtained easily from a fixed
sensor. With an inductive loop detector, a flow rate can be
determined effortlessly from the number of vehicles that
passes over the detector in a specified time period. With a
traffic camera, a flow rate can be determined from the
number of vehicles that passes the camera scene. Basically,
an image/video processing algorithm can be used to count
the number of vehicles crossing a reference point in the
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traffic scene per unit of time. This idea is quite similar to that
of the inductive loop detector, and thus it is usually referred
to as the virtual loop detector. Image and video processing
techniques for vehicle identification, classification, and
counting can be found in [17]–[19].

III. ACQUIRING TRAFFIC VARIABLES WITH MOBILE
SENSORS
As the emerging technologies empower the vehicles to be
connected, mobile traffic sensing becomes increasingly
more appealing. In this section, we discuss how each of the
fundamental traffic variables could be obtained in a mobile
sensing manner.
A. Envisioned mobile sensing system
In mobile traffic sensing, some vehicles will act as sensors
and collect the traffic data. The traffic data will then be
passed to an online data collection center. These data will
then be processed and distributed back to the road users
through a variety of outlets such as websites, social media,
and mobile applications. In order to understand how each
type of the fundamental traffic variables can be collected
with mobile sensing, it is important to layout some basic
assumptions about the sensing system. Here are the
assumptions in an envisioned mobile traffic sensing
scenario.
• It is assumed that some of the vehicles will be equipped
with sensors and communication devices. These
vehicles will be referred to as sensing vehicles, which are
capable of collecting, transmitting, and receiving data.
Potentially, there are two types of technologies that can
facilitate this. The first candidate is the connected
vehicles technology. A typical connected vehicle will be
equipped with sensors such as GPS receiver, camera,
etc. In addition, a connected vehicle will be equipped
with an on-board unit (OBU), which allows it to
communicate with other vehicles through the vehicleto-vehicle (V2V) communication and allows it to
communicate with an infrastructure through the
vehicle-to-infrastructure
(V2I)
communication.
Moreover, many OBUs also have a cellular interface;
therefore, they will also be able to transmit and receive
data via a cellular network. The other potential
technology is the mobile devices technology. Mobile
devices such as smartphones are now equipped with a
variety of sensors, and they have become increasingly
more powerful. A smartphone can conveniently be
installed on a vehicle and used as a traffic sensing
device. Ultimately, regardless of the underlying
communication technology, each sensing vehicle will
be able to relay the traffic data to the data collection
center.
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Figure 2: An example of a mobile traffic sensing system.

• Periodically, each sensing vehicle transmits the collected
data to the data collection center. The data collection
center then processes and disseminates the traffic
information to the public through the information outlets
• The overall general system architecture is shown in Fig. 2.
B. Speed
Speed is probably the easiest traffic variable collectable by
a mobile sensor. The most commonly used solution in
obtaining a vehicle speed is by using a GPS receiver. With a
GPS receiver, the position of a sensing vehicle can be
tracked and its speed can easily be acquired. Periodically,
each sensing vehicle sends its geolocation to the data
collection center. The data collection center uses these data
to estimate the speed of the sensing vehicle. With data from
multiple sensing vehicles, the average speed on a particular
road can be determined. Examples of mobile applications
that use positions of their users for speed sensing are
Google Maps and Waze [20]. Moreover, data do not have
to come from private vehicles only. Many traffic information
systems use public transport vehicles such as taxis and
busses as sensing vehicles [21]–[23]. The accuracy of the
estimated speed depends on the sampling rate of the GPS
data. Generally, the more frequently the vehicle position is
sampled, the more accurate the estimated speed is.
However, there is a tradeoff between accuracy and energy
consumption. A GPS receiver is a power-hungry sensor [24].
Using it continuously can quickly drain out the battery of
the mobile device. As a result, a mobile sensing approach
should also keep energy efficiency in mind.
There are several ways to reduce the energy
consumption incurred by the GPS receiver. One way is to
keep the sampling rate of the GPS receiver as low as
possible. Of course, reducing the sampling rate affects the
accuracy of the location and speed estimation [25].
Therefore, an appropriate sampling rate should be chosen
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carefully. In [26], the authors propose an approach to
activate the GPS receiver when necessary. Basically, a GPS
receiver is switched on only if it is detected that the user is
in a “driving” mode. In this approach, different modes of
user activities such as driving, walking, and running are
classified using an accelerometer on a smartphone. By
shutting off the GPS receiver when a user is not in the
driving mode, the phone battery life can be prolonged.
Another way to be energy efficient is by using other
sensors that consume less power than the GPS receiver. In
order to reduce power consumption, a new approach in
determining the average speed of a sensing vehicle is
proposed in [27]. Instead of relying on the power-hungry
GPS receiver, the average speed is estimated from the data
sensed by an accelerometer, which consumes
approximately six times less power than the GPS receiver
[24]. In this approach, a smartphone is placed on each
sensing vehicle. The accelerometer on the smartphone is
then used to detect the state of the vehicle, whether it is
moving or stationary. Periodically, each sensing vehicle
sends a sequence of these states to the data collection
center. The average speed of a sensing vehicle can be
estimated from the sequence of its states. Basically, the
length of an interval that a vehicle can move continuously
is highly correlated with its average speed. Intuitively, if a
vehicle can move continuously for a long period of time, its
average speed tends to be high. On the contrary, if a vehicle
has to stop frequently during its trip, then its average speed
tends to be low. In [27], two methods for determining the
average speed of a vehicle from its sequence of states are
introduced. It is shown that they can achieve a satisfactory
level of accuracy.
C. Density
In comparison to the infrastructure-based sensing system,
it is more challenging to measure traffic density with mobile
sensors. Unlike the infrastructure-based traffic sensing
system, obtaining the number of vehicles that are
simultaneously present on a road with distributed mobile
sensors is not easy. One of the main reasons is that each
mobile sensor does not have an overlooking view of the
roadway (i.e., unlike having a fixed camera). Nonetheless,
there are a number of counting-based density estimation
approaches proposed in the literatures [28]–[32]. These
approaches are mainly designed for VANETs, and they
share the following common trait. Basically, if all vehicles are
equipped and can communicate with one another, then a
sensing vehicle will be able to check the number of its onehop neighbors. This allows a sensing vehicle to obtain the
number of vehicles within its transmission range and the
local density in its vicinity. The local density can further be
used to estimate the actual density on the road. In addition
to the number of neighboring vehicles, density can also be
estimated from the number of vehicles that form a
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connected cluster [29]. Unfortunately, these approaches
only work under the assumption that all the vehicles on the
road are equipped with the communication devices, which
may be difficult to achieve in practice. Besides, if every
vehicle on the road is equipped, each one of them can
periodically send its location to the data collection center.
In this way, the data collection center knows exactly how
many vehicles are simultaneously present on a specific
road, and the actual density on the road can be determined.
However, it cannot be safely assumed that all the vehicles
will be equipped and that all of them will be willing to share
their location data. A practical density estimation approach
should work in a situation where only some of the vehicles
are willing to sense and share their traffic data.
There are also density estimation approaches that do
not rely on the assumption that all vehicles must be
equipped with the necessary sensing and communication
devices. These density estimation approaches have to
indirectly derived density from other quantities. In [33], a
local density is determined from the fraction of time that a
sensing vehicle stops during its trip. Basically, if the vehicle
has to stop frequently, it is implied that the traffic is dense.
In [34], the authors propose a density estimation approach
for a situation where there is a mix of connected vehicles
and ordinary vehicles. However, the density has to be
estimated indirectly from the speed of the sensing vehicles.
Basically, the speed is used to imply how dense the vehicles
are. In addition, it is also required that the average speed of
the connected vehicles and the average speed of the
ordinary vehicles are approximately the same.
Fortunately, in addition to counting, there is also
another possible way to straightly measure the traffic
density. In fact, the traffic density can be obtained from its
direct counterpart, the mean space headway. A space
headway is defined as the distance between the same
points on two successive vehicles. For example, a space
headway can be measured from a rear bumper of the
leading vehicle to the rear bumper of the following vehicle.
Intuitively, if the average space between each pair of
consecutive vehicles on the road is small, then it suggests
that the traffic is dense. In fact, the physical relation
between the traffic density and the mean space headway
can be described as [3]

 =

1/E[X]

(2)

where  is the traffic density, X is a random variable
denoting the space headway between each pair of
consecutive vehicles, and E[X] is the mean of the space
headway. In other words, the traffic density can be
automatically obtained from the reciprocal of the mean
space headway. With the direct physical relation between
the traffic density and the space headway described in (2),
the traffic density can be determined by letting the sensing
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vehicles measure their space headways and report these
measurements to the data collection center. With the space
headway samples from multiple sensing vehicles, the data
collection center will be able to estimate the mean space
headway and the traffic density. Thus, the key is to obtain
an accurate measurement of the space headway samples.
There are many types of sensors that a sensing vehicle can
use for estimating its space headway. In [35], an approach
to estimate a space headway with a smartphone is
introduced.
Assuming that each sensing vehicle can estimate a
space headway, it can periodically report this information
along with the geolocation and the time instant at which
the sample is taken to the data collection center. With these
space headway samples from multiple sensing vehicles, the
data collection center can compute the sample mean of the
space headway on a road at a specific point in time, and it
can use the computed sample mean to estimate the traffic
density with (2). More details on estimating the traffic
density with mobile sensors can be found in [35].

D. Flow
Ideally, if all of the vehicles on the road are equipped with
GPS receivers and communication devices, then the flow
rate can be determined easily. In this case, each vehicle can
report its location to the data collection center regularly.
Based on these GPS data, the data collection center can
acquire the flow rate at a particular location by counting the
number of vehicles that passes the location in a specified
time period. However, assuming that all vehicles can and
will cooperate in reporting their geolocations to the data
collection center is not practical.
One possible approach to determine the flow rate with
mobile sensors in a scenario where only some of the
vehicles are sensing vehicles is the following. Basically, each
sensing vehicle can collect their geolocation and the space
headway. As pointed out in the earlier sections, these two
types of data can be collected using a smartphone.
Periodically, each sensing vehicle can report these data to
the data collection center. Note that these data will allow
the data collection center to estimate the speed and the
density on a road. The flow rate can further be estimated
from the speed and the density using the fundamental
relation in (1). However, model calibration still requires
further investigation. In [36], the authors estimate the flow
rate from the theoretical speed-flow models. Basically, they
use the speed data obtained from probe vehicles and plug
them into four different speed-flow models, namely
Greenshield, Underwood, Northwestern, and Van Aerde, in
order to find out which model yields the best flow
estimation. The estimated flow rates are compared with the
ground truth values obtained from the loop detector data
collected on I-880 highway in San Francisco, California,
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USA. It is shown that, among the four models, Van Aerde
model yields the best results. However, the accuracy of this
method is heavily affected by the validity of the applied
speed-flow model. In addition, the estimation method may
not work well in all traffic regimes.

IV. CONCLUDING REMARKS
Emerging technologies such as connected vehicles and
smart mobile devices will transform the way the traffic data
are collected and processed. These technologies empower
the vehicles to become mobile sensors. Connected vehicles
are anticipated to hit the road in the next few years. At least,
the new vehicles will likely have such a technology onboard. As a result, many new vehicles will be able to help
contribute the traffic data as they travel. Nonetheless, it will
still take some time for the number of the connected
vehicles to reach a critical mass as traffic sensors. Thus, in
the beginning phase, connected vehicles will still be a small
fraction of the total vehicle population. In order to increase
the number of active mobile sensors and improve the
penetration rate, an approach to turn an ordinary vehicle
into a traffic sensor should also be considered.
Smart mobile devices such as smartphones, tablets, and
smartwatches are a great option for traffic sensing devices.
A smart mobile device can be placed on an ordinary vehicle
and can turn the vehicle into a mobile traffic sensor. A smart
device usually comes with a variety of built-in sensors.
These sensors can be exploited to sense the traffic data. The
key is to select an appropriate sensor for collecting the data
required to obtain the traffic variables of interest. Smart
mobile devices, especially smartphones, are adopted by a
large number of users. Thus, if used as traffic sensing
devices, they can help boost the number of mobile traffic
sensors tremendously.
Finally, since the types of raw data that the mobile
sensors can collect may be different from those obtained
by the fixed sensors, new approaches are required to
process and transform these data into meaningful traffic
variables. In this article, we have discussed a variety of ways
to acquire the three fundamental traffic variables, namely
speed, density, and flow, from the data collected by the
mobile sensors. For speed estimation, it is most convenient
to use the GPS data collected from the mobile sensors.
However, it should be kept in mind that a GPS receiver
consumes a lot of power. As a result, it can drain out the
device battery quickly. An alternative solution for speed
estimation is to use an accelerometer which consumes
much less power [27]. For traffic density, it is possible to
determine the density from the reciprocal of the mean
space headway [35]. Flow is, perhaps, the most difficult
variable to acquire from the mobile sensors. However,
assuming that speed and density are obtained, the flow rate
could be estimated from the fundamental relation.
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