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ABSTRACT

Traffic information system is essential for solving a traffic problem. Real-time traffic
information such as average speed of vehicles, vehicle density, flow rate, and travel time can
help motorists choose a route more wisely. Currently, most of the tréfﬁc information systems
are an infrastructure-based system, where traffic data are collected from fixed sensors such
as inductive loop detectors and surveillance cameras. However, it usually takes a great deal
of time and effort to install sensors in such a system. In many cases, this involves digging up
the road surface to implant the sensors underneath it. In addition, it is extremely costly to
install sensors to cover a large area (e.g., city-wide coverage). Moreover, maintenance of
these large number of fixed sensors is also difficult. The system could be made much more
effective and less expensive if the traffic information could be collected and distributed by the
vehicles on the road.

With the advances in wireless communication and mobile computing, a future
infrastructureless self-organizing traffic information system in a form of vehicular ad hoc
networks will soon be realized. In an infrastructureless traffic information system, vehicles will
act as mobile sensors and collect the ftraffic data as they travel. In our perspecitive,
smartphones are a great choice for mobile traffic sensing devices. Smartphones 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. In this research project, we explore a possibility of using sensors on a

smartphone for traffic sensing.

Keywords : Infrastructureless traffic information system, traffic sensing, mobile sensors
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Abstract—With the advances in wireless communication and
mobile computing, a future infrastructureless self-organizing
traffic information system, where vehicles can form a network
for exchanging traffic information among themselves, will soon
be realized. In an infrastructureless traffic information system,
vehicles will act as mobile sensors and collect the traffic data as
they travel. Smartphones are a great choice for traffic sensing
devices as they are now equipped with a variety of sensors such
as global positioning system (GPS) receiver, accelerometer, gyro-
scope, camera, and microphone. These sensors can be exploited
to collect traffic data. Although there are many types of sensors
available for traffic sensing, past studies have mainly focused
on a GPS receiver. However, a GPS receiver consumes a lot of
power, and hence it can significantly shorten the battery life.
In this paper, we explore a possibility of using other types of
sensors on a smartphone for traffic sensing. Particularly, we
investigate whether it is possible and how accurate it is to
estimate the average speed of a vehicle from the data sensed
by an accelerometer. Two estimation methods will be introduced
and their accuracy will be evaluated.

Index Terms—Traffic sensing, speed estimation, accelerome-
ters, traffic information systems, vehicular networks.

I. INTRODUCTION

RAFFIC information system is essential for solving a
traffic problem. Real-time traffic information such as
average speed of vehicles. vehicle density, flow rate, and
travel time can help motorists choose a route more wisely.
For example, instead of getling stuck unnecessarily on a
congested road, many drivers may be able to take an alternative
less congested route if the information about the road traffic
condition is available to them in advance. Currently, most
of the traffic information systems are an infrastructure-based
system, where traffic data are collected from fixed sensors
such as inductive loop detectors and surveillance cameras.
However, it usually takes a great deal of time and effort to
install sensors in such a system. In many cases, this involves
digging up the road surface to implant the sensors underneath
it. In addition, it is extremely costly to install sensors to cover a
large area (e.g., city-wide coverage). Moreover, maintenance
of these large number of fixed sensors is also difficult. The
system could be made much more effective and less expensive
if the traffic information could be collected and distributed by
the vehicles on the road.
With the advances in wireless communication and mobile
computing, a future infrastructureless self-organizing traffic
information system in a form of vehicular ad hoc networks will
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soon be realized. In an infrastructureless traffic information
system, vehicles will act as mobile sensors and collect the
traffic data as they travel. They can also disseminate and share
the traffic information with others. The main challenge in this
type of systems is in designing how to collect and process the
traffic data since the sensors are now mobile and distributed.
Among many issues, a system designer needs to consider the
following: (i) which types of sensors to use; (ii) how to use
them to collect the traffic data; and most importantly (iii) how
to turn the data into information that can accurately reflect the
real traffic condition.

In our perspective, smartphones are a great choice for
mobile traffic sensing devices. Smartphones are now equipped
with a variety of sensors such as global positioning system
(GPS) receiver, accelerometer. gyroscope, camera, and micro-
phone. 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.

The use of smartphones for traffic sensing is gaining more
attention from the research community. However, most of the
existing studies have mainly focused on using only a GPS
receiver in determining the average speed of a vehicle [1-4].
Other types of potential sensors have mostly been neglected.
Despite its convenience, using a GPS receiver for traffic
sensing has a serious shortcoming. A GPS receiver is a power-
hungry sensor [5]. Using it continuously, especially for traffic
sensing, can quickly drain out the phone battery.

In this paper, we explore a possibility of using other types
of sensors on a smartphone for traffic sensing. Particularly,
we will focus on an accelerometer since it consumes the least
amount of power among the sensors on a smartphone [5].
In fact, its power consumption rate is approximately six times
lower than that of a GPS receiver [5]. The key questions which
we try to answer in this study are:

o Is it possible to estimate an average speed of a vehicle
from the data sensed by an accelerometer on a smart-
phone?

o If so, how to estimate it and what is the accuracy of the
estimation method?

The rest of this paper is organized as follows. In Section II,
we briefly discuss the work related to mobile traffic sensing.
In Section III, we deseribe how our research is conducted and
how the average speed can be estimated from the data sensed
by an accelerometer. Accuracy of the estimation methods is
evaluated in Section IV. Finally, we conclude the paper in
Section V.

0018-9545 (c) 201 5IEEE Personal use is permitted, but republication/redistribution requires IEEE permission. Sce
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1I. RELATED WORK

Smartphones are now used as sensing devices in many
applications such as traffic sensing, health monitoring, en-
vironmental monitoring, and social interaction [6]. Traffic
sensing is an application which has recently gained much
attention from the intelligent transportation systems (ITS)
research community. A variety of sensors on a smartphone can
potentially be used for traffic sensing. For example, in [7], a
camera on a smartphone is used for capturing and detecting
the traffic lights. In [8]. a microphone is used for detecting a
honking sound on a road in India. Basically, the motorists in
India tend to honk more when the traffic is congested.

Most of the traffic sensing applications, however, rely
mainly on a GPS receiver. In [1], a GPS receiver on a smart-
phone is used in determining the average speed of a vehicle.
In the system proposed in [1], vehicles will periodically send
their locations to a central server. The central server will then
use traces of vehicle locations to estimate the average speed
of vehicles on a particular road. Similar studies which use
GPS data for speed estimation can be found in [2-4]. An
example of mobile traffic sensing applications which relies on
a combination of GPS data and crowdsourcing can be found
in [9]. However, using a GPS receiver on a smartphone is not
energy-efficient. In fact, a GPS receiver consumes a lot more
power than other types of sensors [5].

There are also studies which use accelerometers for traffic
applications. In [10, 11], the accelerometer data are used for
identifying the road surface conditions (e.g., whether there
are potholes and bumps on the road surface). In [12-14],
the accelerometer data are used for identifying the driving
behaviors of drivers (e.g.. whether a driver drives safely or
dangerously). In [15], an accelerometer is used to detect the
number of stops that a vehicle makes. If the number of stops
is greater than a pre-deﬁned threshold, then it is implied that
the road is congested. However, the proposed method is not
able to estimate vehicle speed and any other quantitative traffic
metrics. There is also a mobile application which uses an ac-
celerometer for speed estimation [16]. However, the estimation
method used in the application is not specified. Moreover,
the correctness of the estimation method and its accuracy
are neither evaluated nor verified. In [17], vehicle speed is
estimated by a wheel speed sensor, and measurements from an
accelerometer are used for acceleration offset. Accelerometers
are also used to estimate walking speed in [18,19]. While
using an accelerometer consumes less power than using a
GPS receiver, it is reported in [5] that frequent usage of an
accelerometer may slightly increase the average CPU load of
a smartphone.

In this paper, we distinguish ourselves from the existing
works by presenting a way to estimate an average speed of a
vehicle from its activities detected through an accelerometer,
Two speed estimation methods will be discussed in the next
section.

II1. ACTIVITY ANALYSIS AND SPEED ESTIMATION

One of the main indicators of road traffic conditions is the
average speed of vehicles traveling on the road. Obviously,

IEEE TRANSACTIONS ON VEHICULAR TECHNOLOGY

the average speed of vehicles on a congested road will be
smaller than that of the freely ﬂnwing one. Intuitively, how
fast an individual vehicle can move will depend on how often
it needs to stop and the duration of each stop it makes. On
a congested road. a vehicle will have to stop frequently and
each stop may last a while. In this case, the average speed of
the vehicle will be small. In contrast, the average speed of a
vehicle will be higher on a non-congested road since it can
move continuously without many interruptions. Based on these
observations, the activities of a vehicle (i.e., stops and moves)
can be used to estimate its average speed. In this research, we
introduce an innovative way to detect vehicle activities with
an accelerometer on a smartphone. Moreover, we propose a
few approaches to transform these activities into the average
speed accurately.

A. Data Collecrion

Actual field experiments are conducted to collect real data
sensed by an accelerometer. In this study, an iPhone 5 is used
as a mobile device, and a simple iOS application is developed
for data collection purposes. The application is designed for
data logging only. Its main task is to record the status of the
accelerometer and other essential data which will later be used
for analysis, In the beginning of each experiment, the mobile
phone will be placed firmly on top of the dashboard of a
vehicle. The phone can be placed in any orientation since the
initial state of the 3-axis accelerometer will be automatically
calibrated by the application.

During the experiment, a driver can drive naturally with
the flow of the traffic. The application will record the values
sensed by the accelerometer. the geolocation of the mobile
phone, and the speed obtained through the GPS receiver. The
speed obtained through the GPS receiver will be used as a
reference in the experiment. In principles, the actual ground-
truth speed displayed on the speedometer of the vehicle should
be used as a referenced speed. However, it is rather difficult
and highly inaccurate to read the ground-truth speed from the
speedometer with bare eyes since the scale on the speedometer
is very coarse. Thus, using the speed obtained through the GPS
receiver as a referenced speed is a reasonable alternative. It
is also important for a traffic sensing application to be able
to identify the location at which the traffic data are collected.
There is a wide variety of positioning techniques that could
be used to determine the location of a mobile phone [20]. Ex-
amples include a number of cellular triangulation techniques
and the GPS technique. In this study, for convenience, the
geolocation of the mobile phone is obtained through the GPS
receiver. However, in general, any other positioning techniques
can be used as well. In addition. for analytical purposes only,
the geolocation of the mobile phone is sampled every second
in this experiment. In practice, however, it is not necessary
to sample the geolocation of the mobile phone at this high
frequency. Only a few geolocation samples are needed to
indicate where a block of data is collected.

Since our focus is on urban traffic, the experiments are
conducted in Bangkok, Thailand during daytime on the week-
days. The collected data consist of a wide variety of traffic

0018-9545 () 2015 IEEE. Personal use is permitted, bul republication/redistribution requires IEEE permussion. See
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conditions, ranging from free-flow to severely congested. @
About 90% of the data are from city roads, and 10% of thedata g 80
are from highways. The data set used in this study contains 3 gl ]
approximately 73,000 seconds of data samples. § %40_ |
g2
G i s 20f

B. State Classification B, : :

After the data have been obtained, we divide them into 0 50 100 15%me%suju 250 300 350
blocks of T seconds each. This allows us to analyze the ()
average speed of a vehicle over a period of T. The particular o e
value of T chosen in this smdy is 360 seconds. This is & _]
appropriate because the traffic condition does not change g |
abruptly over such a period, and it is long enough to get a 395 )
meaningful interpretation from the data. In addition, the 360- :,::g !
second period fits well for a typical Bangkok traffic, as most N 50 100 150 200 250 300 350
trips usually take longer than 360 seconds. The choice of T' Time [s]

will also affect the accuracy of the estimated speed. This will
be discussed in Section IV.

Since our speed estimation methods will be based on the
activities of the vehicle, we need to identify when the vehicle
is moving and when it is stationary over a period of T'. In
principles, at any time instant. a vehicle can only be in one of
these two states: (i) stationary and (ii) mobile. Using only the
data sensed by an accelerometer, these states can be identified.
The difference between the stationary stale and the mobile
state of a vehicle can be classified as follows:

1) A vehicle will be considered as in a stationary state if
the deviation from the initial calibrated value, on every
axes of the accelerometer, is less than a threshold 4 m/s?
for a continuous duration of at least w seconds.

A vehicle will transit from the stationary state to a
mobile state if the deviation from the initial calibrated
value, on eny axes of the accelerometer, is greater
than or equal to the threshold ~ m/s? for a continuous
duration of at least ¢ seconds.

The value of 4 used in this study is 0.04g, where g = 9.8 m/s?
is the gravitational acceleration. The values of w and ) used
in this study are 1.5 second and 0.3 second, respectively. We
have also experimented with other values of v, w, and v, but
the values chosen here yield the best results.

An example of the states of the vehicle over a period of 360
seconds is illustrated in Fig. 1. In Fig. 1.(a), the referenced
speed of the vehicle is shown as a function of time. This is
basically the instantaneous speed of the vehicle as specified by
the GPS receiver. It can clearly be observed from this figure
that there are roughly three intervals in which the vehicle is
mobile. These are the intervals where the referenced speed
is above zero. More specifically, they are the interval from
20 to 57 seconds, the interval from 146 to 230 seconds,
and the interval from 309 to 360 seconds. Similarly, it can
be observed that there are roughly three intervals in which
the vehicle is stationary. These are the intervals where the
referenced speed is zero or very close to zero. In Fig. 1.(b),
the states of the vehicle, as identified by the state classification
method, are shown as a function of time. The stationary state
is represented by the wvalue ‘0" while the mobile state is
represented by the value *1°. These states are classified based
purely on the data sensed by the accelerometer. Generally, it

2

Fig. 1. (a) Referenced instantaneous speed as a function of time. (b) Vehicle
states as identified by the classification method.

can be observed that the states of the vehicle inferred from the
accelerometer data are in good agreement with the states of the
vehicle inferred from the referenced speed. Although the state
classification algorithm works well, it is not perfect. There
are, of course, possible misclassified states. The accuracy of
the state classification method will be discussed in Section IV.

C. Regression-based Speed Estimation

Once the states of the vehicle in a period of T are classified,
we need to transform them to the average speed. It is logical
to correlate the total time which the vehicle is mobile during
the period of T to its average speed. Intuitively, if the vehicle
is able to stay in motion over a longer period of time, it has a
better chance of accelerating to a higher speed. More formally,
let m be the total time which the vehicle stays in the mobile
state over a period of 7. An expression for m can be given as

e o
m. = Zsb 1
t=1

where s, € {0,1} is the state of the vehicle at time ¢, and
t € {1,2,...,7} is the time instant in second. Note that s,
is equal to 1 when the vehicle is in the mobile state, and it is
equal to O otherwise. For convenience, we will refer to m as
the total mobile time.

Next, the total mobile time of the vehicle will be mapped
to the average speed. In this study, we use the speed obtained
through the GPS receiver on the mobile phone as a reference.
Note that this is done in the training phase only. Once
a mapping function is obtained, the average speed can be
estimated using only the accelerometer data, regardless of
whether a GPS receiver is available or not. Based on the
collected data, the instantaneous speed obtained through the
GPS receiver is recorded every second. The average speed of
the vehicle over the period of T, denoted by Tr, can then be
calculated by averaging over the instantaneous speed samples
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Fig. 2. Average speed as a function of total mobile time.

as

| =

T
or =g v
t=1

where vy is the referenced instantaneous speed at time ¢, and
t € {1,2,...,T} is the time instant in second.

A mapping between the total mobile time, m, and the
average speed, Tp, is done through a polynomial regression.
A second-order polynomial regression function is uvsed fo
correlate the total mobile time of the vehicle with the average
speed. The regression equation is of the following form

tp= am’+ fm+e 3)

where o5 is the estimated average speed, a and 3 are the
coefficients of the polynomial, and ¢ is a constant. In practice,
given the total mobile time of the vehicle, the average speed
can be determined from the polynomial regression equation
in (3).

Fig. 2 illustrates the average speed, @ip. as a function of the
total mobile time, 1, of the vehicle. The mobile time samples
and their corresponding values of referenced average speed
are shown with the symbol ‘x’. The polynomial regression
line is also illustrated. This regression line, which best fit the
data samples, is obtained through a mathematical software.
The coefficients of the polynomial are o = 6.127 x 1074,
B = —0.1099, and ¢ = 7.7905. Tt can be observed that the
average speed generally increases as the total mobile time
increases. This agrees with our initial intuition. Similar results
are also observed in our previous work [21]. However, the
range of the average speed observed in the data set used
in the previous work is much more limited than that of the
current data set. More speciﬁca]ly‘ the maximum average
speed observed in the previous data set is only around 50 km/h
while the maximum average speed observed in this data set 1s
approximately 90 km/h. As a result, the data set considered in
this paper covers a broader range of traffic.

Nonetheless, it can be noted from Fig. 2 that the variation on
the average speed increases as the total mobile time increases.

IEEE TRANSACTIONS ON VEHICULAR TECHNOLOGY

For example, with the total mobile time of m = 360 seconds,
the average speed of the vehicle ranges from around 30 km/h
to 85 km/h. This is mainly due to the following reason. If
a vehicle is able to stay in motion for a long period of
time, it suggests that the traffic condition is likely to be fluid
(i.e., not congested). Consequently, a driver will be able to
drive at a wide range of speed. In the particular case of
m = 360 seconds, the vehicle moves continuously without
any stop. As a result, the average speed has a large variation.
A large variation of the average speed will affect the accuracy
of the estimation method. Basically, it makes the average speed
more difficult to estimate.

One possible way to reduce the large variation of the
average speed is to aggregate the speed levels above a specified
threshold into a single category. For example, in an urban
environment with a speed limit of 80 km/h, a traffic flow with
an average speed above 60 km/h could already be considered
as non-congested or satisfactory. In this case, it might be
unnecessary to differentiate between an average speed of
70 km/h and an average speed of 80 kmv/h as they both are
already above the satisfactory threshold. Aggregating these
speed levels into one category will help reduce the variation
without sacrificing the accuracy of the estimation at the lower
end. We will refer to the threshold above which the average
speed is aggregated as satisfactory threshold. The accuracy of
the regression-based speed estimation method and the effects
of the satisfactory threshold will be discussed in Section IV.

D. Interval Component Analysis Method

Although the regression-based speed estimation method
presented in Section III-C works reasonably well, it still has
some limitations. Note that the total mobile time of the vehicle,
which is used as an input in the regression-based method, is a
summary quantity. Some information regarding the activities
of the vehicle over the period of T is neglected. Using only
the total mobile time alone will not allow us to differentiate
between two traffic conditions which may yield the same total
mobile time. For example, over a period of 360 seconds, a
situation where a vehicle keeps alternating between moving
for 5 seconds and stopping for 5 seconds will result in a total
mobile time of 180 seconds. Similarly, over a period of 360
seconds, a situation where a vehicle stops in the first half of
the period and moves continuously in the second half of the
period will also result in a total mobile time of 180 seconds.
However, these two situations can yield extremely different
values of the average speed. Certainly, in the former case the
vehicle will be able to move at a much lower speed than that
in the latter case. The main reason is that the vehicle has to
stop a lot more frequently in the former case; therefore. it will
not be able to accelerate to a high speed. Clearly, we need a
better way to estimate the average speed of the vehicle from
the data sensed by an accelerometer.

In this section, we introduce a new estimation approach
called Interval Component Analysis (ICA) method, which
exploits the information regarding vehicle activities in estima-
tion. In the ICA method, the whole period of T will be viewed
as an alternating sequence of mobile and stationary intervals.
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Fig. 3. An example of a stale sequence.

For convenience. we will refer to this type of sequences as
a state sequence. An example of a state sequence is shown
in Fig. 3. In this example, there are three mobile intervals
and four stationary intervals in the period of T The mobile
intervals are those where the state of the vehicle is ‘1’ whereas
the stationary intervals are those where the state of the vehicle
is ‘0", Based on these intervals the average speed of the vehicle
in the period of T can be determined. Let 7; be the length
of the mobile interval j. Let v, be the average speed of the
vehicle within the mobile interval j of length 7;. Theoretically.
the average speed of the vehicle in the period of T, denoted
by T, can be expressed as

T =

H|

J
1 S st )
i=1

where .J is the number of mobile intervals in the period of T'.
Note that the speed of the vehicle in the stationary intervals
is zero; therefore, it does not become a factor in (4).

Given the data sensed by an accelerometer, a state sequence
can be obtained through the state classification method de-
scribed in Section I1I-B. The length of each mobile interval, 7;.
can easily be determined from the state sequence. However, the
missing piece of information for computing Tr is the average
speed, v, in each mobile interval. This cannot be determined
directly from the accelerometer data; therefore, it needs to
be estimated. In the experiments, the referenced instantaneous
speed is collected from a GPS receiver every second. This
allows us to compute the average speed v for each mobile
interval. Furthermore, given a large number of state sequences,
a database of mobile interval length, 7;, and the corresponding
average speed, Vo, can be created. This database can be used
as a lookup table for the estimation algorithm. In other words,
given a mobile interval of length 7;, a corresponding average
speed i, can be searched from the database. In practice, this
database can be created offline in the training phase. Once
the database is created, the average speed of a vehicle over a
period of T" can be estimated based purely on the data sensed
by an accelerometer, regardless of whether a GPS receiver is
available or not. Given the database, the average speed of a
vehicle over a period of T can be estimated as

1 J
= 3 7y (5)

j=1

by =

where 7. is the estimated average speed in the interval of

S
=
L

w
o

*+ Data samples
- Estimated average speed

(5]
o

n
o
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Fig. 4. Average speed at different values of mobile interval length.

length 7; obtained from the database, and .J is the number of
mobile intervals in the period of 7.

The samples of mobile interval length and the corresponding
values of average speed are shown in Fig. 4. Each data sample
is represented by the symbol ‘e’. It can be observed that, for
a particular mobile interval length, there are many possible
corresponding values of average speed. For example, for an
interval of length 7; = 10 seconds, the average speed of the
vehicle in such an interval ranges approximately from 0.5 km/h
to 19 km/h. This is not unusual because the average speed for
a particular interval length can vary due to different traffic
conditions and driving behaviors. Thus, two mobile intervals
with the same length may not necessary have the same value
of the average speed. However, given an interval length 7;. we
need a single value #, as an estimate for the average speed in
such an interval. In this study, we use the mean of the average
speed samples as an estimate. More specifically, let i/ ; be the
" sample of the average speed that corresponds to the mobile
interval of length 7;. The estimated average speed, i , for a
mabile interval of length 7; is obtained from

n
N o (6)
i=1

where N is the total number of samples of the average speed
in the database that corresponds to the mobile interval of
length 7;.

In Fig. 4, the estimated average speed i, for each mobile
interval of length 7; is shown with the symbol ‘[1". Given a
value of mobile interval length, an estimated average speed can
be determined. For example, for a mobile interval of length
7; = 10 seconds, the corresponding estimated average speed
is &z, = 7 km/h. In addition, it can be observed that, trend-
wise, the estimated average speed increases as the interval
length increases. This is expected because a vehicle is able to
move at a higher speed as the mobile interval length increases.

Although the estimated average speed is supposed to be
a non-decreasing function of the mobile interval length, its
value can fluctuate as observed in Fig. 4. This could happen
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due to data insufficiency. In other words, there might not be
enough average speed samples for a particular mobile interval
length to compute an accurate estimated average speed. In
addition, the fluctuation could also happen if there were
outliers in the average speed samples. In order to alleviate
this possible problem, data smoothing may be exercised. That
is, instead of using only P as an estimate, an average among
its neighboring values may be used to smoothen out the
estimated value. Particularly, for an interval of length 7;, we
may use the average value among i, g, ..., V1, Where
G £ {0,1,2,...}, as the estimated average speed. The param-
eter G will be referred to as the smoothing factor. For example,
if the smoothing factor is set to G = 1, the average value
among g, g, and £y will be used as an estimated average
speed for the mobile interval of length 7; = 10 seconds. When
the smoothing factor is set to G = 0. this corresponds to the
case where no data smoothing is used. The accuracy of the
average speed estimated by the ICA method will be discussed
in Section IV.

IV. RESULTS AND DISCUSSION

In this section, we evaluate the accuracy of the state
classification method and the aceuracy of the speed estimation
methods.

A. Accuracy of State Classification Method

Since we use the data sensed by an accelerometer to infer
the states of the vehicle, it is important to evaluate the accuracy
of the state classification method. In order to test the accuracy,
we compare the number of stationary intervals and the total
stationary time obtained from the classification method with
the actual number of stops and the actual duration of stationary
time in each 360-second period. The actual number of stops
and the actwal duration of stationary time are oblained by
physically observing the number of stops that the vehicle
makes and the total duration of each stop. We have physically
observed the states of the vehicle over the duration of 7,200
seconds. This constitutes to 20 sets of 360-second periods.

The results inferred from the accelerometer data and those
obtained from the physical observations are shown in Table I.
Overall, it can be observed from Table 1 that the differences
between the number of stops inferred from the accelerom-
eter data and those obtained from the physical observations
are quite small. In fact, on average, the absolute difference
between them is only about 1.35. In addition, it can also
be observed that the differences between the stationary times
inferred from the accelerometer data and those obtained from
the physical observations are also quite small. On average, the
absolute difference between them is only 7.51 seconds, which
is equivalent to around 2.08% of the 360-second observation
period. As a result, the method used in classifying the state of
the vehicles based on the accelerometer data is accurate.

B. Accuracy of Regression-based Speed Estimation Method
In this section, we evaluate the accuracy of the average
speed estimated by the regression-based method described

[EEE TRANSACTIONS ON VEHICULAR TECHNOLOGY

TABLE |
THE NUMBER OF STOPS AND STATIONARY TIME INFERRED FROM
ACCELEROMETER DATA AND THOSE OBTAINED FROM PHYSICAL
OBSERVATIONS

Set Accelerometer Physical Observations
Stop | Stationary | Stop Stationary
Count | Time (s) | Count Time (s)

i 5 12244 1 4 114

2 8 190 5 174

3 2 21814 2 2253
4 1 162 2 166.4
5 6 100.3 6 101.4
6 8 217.93 6 221.9
7 6 135.60 4 1485
8 12 122.76 12 131

9 3 109.50 3 112.04
10 3 80.38 3 83.92
41 3 93.56 3 101.23
12 16 107.59 12 92.30
13 6 3125 4 2385
14 4 28.96 3 39.13
s b e 10689 2 112,98
16 8 124.64 5 115.70
17 15 21465 11 208.12
18 10 168.29 8 156.83
260158 61.34 % 57.07
20 3 14211 | 3 145.84

in Section III-C. Based on the collected accelerometer data,
the total mobile time of the vehicle in each period of T is
extracted. Then, the extracted total mobile time samples are
divided into two mutually exclusive sets. namely the training
set and the test set. In order to avoid any biases, the samples
to be placed in the training set and those to be placed in
the test set are chosen randomly from the pool of all samples.
The samples in the training set are used to derive a polynomial
regression function. The estimated average speed, 7, for each
sample in the test set is calculated through (3). The accuracy
of the estimation is quantified in terms of mean absolute error
(MAE) of the average speed. The MAE of the average speed
can be expressed as

M
i & g
e ‘=g 20 loms Tral @

k=1

where e is the MAE of the average speed, 0 ;. is the average
speed of the Jith sample estimated by the regression function,
U, is the referenced average speed of the kih sample, and M
is the number of samples in the test set. Note that the samples
in the training set and the test set are randomly selected:
therefore, one realization of the training sets and the test sets
will yield one regression function and one value of MAE.
Fig. 5 illustrates the MAE of the average speed obtained
from 100 different realizations of the training sets and the
test sets. In each realization, there are 150 samples of the
total mobile time in the training set, and there are 30 samples
of the total mobile time in the test set. The MAE in each
realization is obtained from (7). Two cases are shown for
a comparison. The natural case, where a satisfactory speed
threshold is not used, is shown with the solid line. The other
case, where a satisfactory speed threshold of 60 km/h is
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Fig. 5. MAE of the average speed estimated by the regression-based method.
The value of T considered in this analysis is 360 seconds.

imposed, is illustrated with the dashed line. It can be observed
that. in the natural case, the MAE varies in the range of 5 km/h
to 11 kmv/h. A large variation of errors is partly due ta the fact
that the vehicle is able to move at a wide range of speed
when the total mobile time is large. Nonetheless, the average
value of the MAE from these 100 realizations is only around
7.64 km/h.

As discussed earlier, the accuracy can be improved if the
satisfactory speed threshold is used. It can be observed from
Fig. 5 that the MAE of the average speed is reduced when the
satisfactory speed threshold of 60 kmy/h is imposed. The MAE
of the average speed in this case ranges approximately from
4 km/h to 9 km/h. The average value of the MAE from these
100 realizations is reduced to 6.48 km/h. In addition to these
two cases, the average values of the MAE in the cases of other
satisfactory speed thresholds are listed in Table IL. It can be
observed that the average value of the MAE decreases as the
speed threshold decreases. This is because imposing the speed
threshold helps reduce the variation of the vehicle speed.

Finally, it is important to know how the estimation method
will perform when the period of analysis. T. changes. The
accuracy of the regression-based estimation method at various
values of T is shown in Table II. It can be observed that
the estimation method loses its accuracy as the value of T
decreases. The main reason is that when the period T is
small, the amount of information contained in the period is
not sufficient to make an accurate estimation.

C. Accuracy of Interval Component Analysis Method

In this section, we evaluate the performance of the ICA
method. Recall that, in this method, each period of T is viewed
as a state sequence, The state sequences are extracted from the
data sensed by the accelerometer, using the state classification
method. Then, the state sequences are randomly selected to be
placed in the training set and the test set. These two sets are
mutually exclusive. The state sequences in the training set are
used in building a database of the mobile interval length and

MAE [kvh]

GD 20 40 60 80
Realizations

100

Fig. 6. MAE of the average speed estimated by the ICA method and MAE
of the average speed estimated by the regression-based method. The value of
T considered in this analysis is 360 seconds.

the corresponding estimated average speed. Once the database
is obtained, the ICA method is used to estimate the average
speed of the vehicle for each state sequence in the test set.
The estimated average speed ©; for each state sequence in the
test set is calculated through (5). and it is compared with the
referenced average speed obtained from the GPS receiver. The
MAE of the average speed can then be calculated as

M
1 » =
< "ol ?;{ B g — Ty (8)

where ¢; is the MAE of the average speed, 07 is the average
speed of the kb sequence estimated by the ICA method, 77 ;.
is the referenced average speed of the k' sequence, and N
is the number of sequences in the test set.

Since the state sequences in the training set and the test set
are randomly chosen, different realizations of the training sets
and the test sets will yield different MAE values. Fig. 6 illus-
trates the values of the MAE obtained from 100 realizations of
the training sets and the test sets. In each realization, there are
150 sequences in the training set, and there are 30 sequences
in the test set. The MAE incurred by the ICA method in each
realization is obtained from (8). In this figure, the MAE values
obtained from the regression-based estimation method are also
shown for a comparison. It can be observed that the MAE
values in the case of the ICA method are generally lower than
those in the case of the regression-based method. Averaging
over these 100 realizations, the average value of the MAE
in the case of the ICA method is 6.39 km/h whereas the
average value of the MAE in the case of the regression-based
method is 7.64 km/h. The aceuracy of the ICA estimation
method at different satisfactory speed thresholds and values
of T is summarized in Table III. Similarly to the case of
the regression-based method. the ICA method also loses its
accuracy as the value of T decreases.

A combination of data smoothing and satisfactory speed
threshold can be used in the ICA method to improve the
accuracy. Fig. 7 shows the average values of the MAE for
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TABLE 1
ACCURACY OF THE REGRESSION-BASED ESTIMATION METHOD AT DIFFERENT SATISFACTORY SPEED THRESHOLDS AND VALUES OF T,
Satisfactory speed threshold | Average value of MAE over 100 realizations (km/h)
(km/h) T=7360s T=770s T=T180s

Natural (no threshold) 7.64 8.09 5.68

80 7.54 7.96 8.49

60 648 6.84 7.23

40 4.38 4.64 5.03

TABLE III
ACCURACY OF THE ICA ESTIMATION METHOD AT DIFFERENT SATISFACTORY SPEED THRESHOLDS AND VALUES OF T'.
Satisfactory speed threshold | Average value of MAE over 100 realizations (km/h)
(km/h) T=360s T'=270s T=180s

Natural (no threshold) 6.39 6.69 737

80 6.22 6.60 125

60 5.20 5.73 6.32

40 3.57 3.77 4.31

V. CONCLUSION

L : In this paper, instead of a power-hungry GPS receiver,
we have explored a new possibility of using other types of
£ g sensors for traffic sensing. A particular type of sensors focused
£ in this study is an accelerometer because it consumes the
u least amount of power among the sensors on a smartphone.
= Basically, we investigate whether it is possible and how to
; estimate an average speed of a vehicle based on the data sensed
E] by an accelerometer. Two speed estimation methods, namely
3 the Regression-based method and the Interval Component
E Analysis (ICA) method, are introduced in this paper. These
z estimation methods are based on an analysis of the mobile
state and the stationary state of a vehicle. These states are
determined purely from the data sensed by an accelerometer.

40 60 80
Satisfactory speed threshold [km/h]

Fig. 7. Accuracy of the ICA method at various combinations of smoothing
factors and satisfactory speed thresholds. The value of T considered in this
analysis is 360 seconds.

various combinations of smoothing factors and satisfactory
speed thresholds. Each average value of the MAE shown in
Fig. 7 is obtained from 100 realizations of the training sets
and the test sets, As previously observed in the case of the
regression-based method, the estimation accuracy improves as
the satisfactory speed threshold decreases. The satisfactory
speed threshold helps reduce the variation by aggregating
the speed above the thresheld into one category. In addition,
it can be observed that data smoothing can help improve
the estimation accuracy. For example. at the speed threshold
of 80 km/h, there is a clear distinction between the case
where data smoothing is not used (i.e., G = 0) and the cases
where data smoothing is exercised (i.e., G > 0), However, the
improvement becomes marginal as the value of the smoothing
factor, (7, increases. This suggests that using only a few
neighboring values for data smoothing works sufficiently well.
In the practical case with the speed threshold of 60 km/h and
G = 1. the average value of the MAE is only around 4.5 km/h.
This level of accuracy is acceptable for a typical traffic
application.

0018-9545 (c) 2015 IEEE. Personal use is permitied, but rep

The regression-based speed estimation method is quite
simple. Only the total mobile time of a vehicle in a specified
period is needed as an input to a polynomial regression
function. On average, the mean absolute error of the average
speed estimated by this method is around 7.64 km/h. Nonethe-
less, the accuracy can further be improved by specifying a
satisfactory speed threshold as discussed in the paper. The
satisfactory speed threshold defines the speed level that can be
considered as non-congested. This helps improve the accuracy
of the estimation method by reducing the speed variation. At
the satisfactory speed threshold of 60 km/h, the mean absolute
error can be reduced to 6.48 km/h. The error can further be
reduced if the lower satisfactory speed threshold is imposed.

The Interval Component Analysis estimation method is
slightly more complex than the regression-based method. In
this method, the estimated average speed is derived from the
alternating sequence of mobile and stationary states of the
vehicle. It can achieve higher accuracy than the regression-
based method. On average, the mean absolute error of the
average speed estimated by this method is around 6.39 km/h.
However, the accuracy can further be improved by using a
combination of data smoothing and satisfactory speed thresh-
old. Concretely. at the satisfactory speed threshold of 60 km/h
and the smoothing factor of 1. the error can be reduced to
around 4.5 km/h. This level of accuracy is highly acceptable
for a typical traffic report application.
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Itis importﬂm to note that, in estimating speed, we have not
differentiated between different types of roads that a vehicle
travels. Different types of roads have different speed limits and
traffic rules. The speed limits on the roads that the vehicle
travels in our experiments vary. This will certainly have an
impact on the accuracy of the estimated speed. Nonetheless,
even without the information on the types of roads and their
speed limits, it is shown in this study that the estimation
methods can achieve an acceptable level of accuracy. Had the
information about the types of roads and their speed limits
been incorporated into the estimation methods, a higher level
of accuracy would be expected.

Finally, the analysis done in this study is based on the
traffic data collected in Bangkok, Thailand. While its traffic
characteristics may not necessarily represent the traffic in all
regions of the world, the results shown in this study do serve
as evidence that it is possible to use an accelerometer on
a smartphone for speed estimation. In addition, the level of
accuracy achieved is also sufficient for a typical traffic sensing
and traffic information application.
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Abstract—With the advances in wireless communication and
mobile computing, a future infrastructureless self-organizing
traffic information system, where vehicles can form a network
for exchanging traffic information among themselves, will soon
be realized. In an infrastructureless traffic information system,
vehicles will act as mobile sensors and collect the traffic data as
they travel. Smartphones are a great choice for traffic sensing
devices as they are now equipped with a variety of sensors such
as global positioning system (GPS) receiver, accelerometer, gyro-
scope, camera, and microphone. These sensors can be exploited
to collect traffic data, Although there are many types of sensors
available for traffic sensing, past studies have mainly focused on a
GPS receiver. However, a GPS receiver consumes a lot of power
and hence it can significantly shorten the battery life, In this
paper, we explore the possibility of using other types of sensors
on a smartphone for traffie sensing. Particularly, we investigate
whether it is possible and how accurate it is to estimate vehicle
speed from the data sensed by an accelerometer. The accuracy
of our proposed estimation method will be presented.

Index Terms—Speed estimation, traffic sensing, traffic infor-
mation systems, accelerometers, vehicular networks

1. INTRODUCTION

A traffic information system is essential for collecting and
disseminating traffic data. Real-time traffic information such
as the average speed of vehicles, vehicle density, flow rate,
and travel time can help a motorist choose a route more
wisely. Currently. most of the traffic information systems
are an infrastructure-based system, where traffic data are
collected from fixed sensors such as inductive loop detectors
and surveillance cameras. However, it usually takes a great
deal of time and effort to install sensors in such a system.
In many cases, this involves digging up the road surface to
implant the sensors underneath it. In addition, it is extremely
costly to install sensors to cover a large area (e.g., city-wide
coverage). Moreover, maintenance of these large number of
fixed sensors is also difficult. The system could be made much
more effective and less expensive if the traffic information
could be collected and distributed by the vehicles on the road.

‘With the advances in wireless communication and mobile
computing, a future infrastructureless self-organizing traffic
information system in a form of vehicular ad hoc networks will
soon be realized. In an infrastructureless traffic information
system, vehicles will act as mobile sensors and collect the
traffic data as they travel. They can also disseminate and share
the traffic information with other vehicles. The main challenge

978-1-4799-4075-2/14/831.00 © 2014 IEEE

in this type of systems is in designing how to collect and
process the traffic data since the sensors are now mobile and
distributed. Among many things, a system designer needs to
consider the following factors: (i) which types of sensors to
use; (ii) how to use them to collect the traffic data; and most
importantly (iii) how to turn the data into information that can
accurately reflect the real traffic condition.

In our perspective, smartphones are a great choice for
mobile traffic sensing devices. Smartphones are now equipped
with a variety of sensors such as global positioning system
(GPS) receiver, accelerometer, gyroscope, camera, and micro-
phone. 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.

The use of smartphones for traffic sensing is gaining more
attention from the research community. However, most of the
existing works have mainly focused on using only a GPS
receiver in determining the average speed of a vehicle [1-4].
Other types of potential sensors have mostly been neglected.
Despite its convenience, using a GPS receiver for traffic
sensing has a serious shortcoming. A GPS receiver is a power-
hungry sensor [5]. Using it continuously, especially for traffic
sensing, can quickly drain out the phone battery.

In this paper, we explore the possibility of using other types
of sensors on a smartphone for traffic sensing. Particularly,
we will focus on an accelerometer since it consumes the least
amount of power among the sensors on a smartphone [5].
In fact, its power consumption rate is approximately six times
lower than that of a GPS receiver [5]. The key questions which
we (ry to answer in this study are:

o Is it possible to estimate an average speed of a vehicle
from the data sensed by an accelerometer on a smart-
phone?

« If so, how to estimate it and what is the accuracy of the
estimation method?

The remainder of this paper is organized as follows. In
Section II. we briefly discuss the work related to mobile
traffic sensing. In Section TIT, we describe how our research
is conducted and how the speed is estimated from the ac-
celerometer data. In Section TV, we discuss the performance
of the estimation method. Finally. we conclude the paper in
Section V.
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II. RELATED WORK

Smartphones are now used as sensing devices in many appli-
cations such as traffic sensing. health monitoring. environmen-
tal monitoring, and social interaction [6]. Traffic sensing is an
application which has recently gained much attention from the
intelligent transportation system (ITS) research community, A
variety of sensors on a smartphone can potentially be used for
traffic sensing. For example, in [7]. a camera on a smartphone
is used for capturing and detecting the traffic lights. In [8], &
microphone is used for detecting a honking sound on a road
in India. Basically, the motorists in India tend to honk more
when the traffic is congested.

Most of the traffic sensing applications, however, rely on a
GPS receiver. In [1]. a GPS receiver on a smartphone is used
in determining the average speed of a vehicle. In the system
proposed in [1], vehicles will periodically send their locations
to a central server. The central server will then use traces of
vehicle locations to estimate the average speed of vehicles
on a particular road. Similar studies which use GPS data for
speed estimation can be found in [2—4]. An example of mobile
traffic sensing applications which relies on a combination of
GPS data and crowdsourcing can be found in [9]. However,
using a GPS receiver on a smartphone is not energy-efficient.
In other words, a GPS receiver consumes a lot of power [5].

There are also studies which use accelerometers for traffic
applications. In [10,11], the accelerometer data are used for
identifying the road surface conditions (e.g.. whether there
are potholes and bumps on the road surface). In [12-14],
the accelerometer data are used for identifying the driving
behaviors of drivers (e.g.. whether a driver drives safely or
dangerously). Some of these applications (e.g., [14]) can also
report a vehicle speed; however, the speed is still obtained
through a GPS receiver. In [15], an accelerometer is used
to detect the number of stops that a vehicle makes. If the
number of stops is greater than a pre-defined threshold, then
it is implied that the road is congested. However, it is not able
to estimate the average speed of a vehicle or any quantitative
traffic metrics. There is also a mobile application which uses
an accelerometer for speed estimation [16]. However, the
estimation method used in the application is not specified.
Moreover, the correctness of the estimation method and its
accuracy are neither evaluated nor verified.

In this paper, we distinguish ourselves from the existing
works by investigaling a way to estimale an average speed of
a vehicle from a patiern of vehicle movement detected through
an accelerometer. The speed estimation approach presented
in this paper has not been considered by any of the existing
works.

ITI. PATTERN ANALYSIS AND SPEED ESTIMATION

One of the main indicators of road traffic condition is the
average speed of vehicles traveling on the road. Obviously. the
average speed of vehicles on a congested road will be smaller
than that of the freely flowing one. Intuitively. how fast an
individual vehicle can move will depend on how frequent it
needs to stop and the duration of each stop it makes, On a

congested road, a vehicle will have to stop frequently and
each stop may last a while. In this case, the average speed of
the vehicle will be small. In contrast, the average speed of a
vehicle is higher on a non-congested road since it can move
continuously without many interruptions. As a result, we can
use the combination of the frequency of stops and the duration
of stops to estimate the average speed of the vehicle. In this
research, we introduce an innovative way to detect the stop
frequency and the stop duration with an accelerometer on a
smartphone. Moreover, we find a function which can transform
the stop frequency and the stop duration into the average speed
accurately. The approaches used in our study are described in
the following subsections.

A. Data Collection

1) Device: In this study, an iPhone 5 is used as a mobile
device for collecting the sensor data. An i0S application is
developed for data collection purposes. In the beginning of
each experiment, the mobile phone will be placed firmly on top
of the dashboard of a vehicle. The phone can be placed in any
orientation since the initial state of the 3-axis accelerometer
will be automatically calibrated by the application. During the
experiment, a driver can drive naturally with the flow of the
traffic. The application will record the values sensed by the
accelerometer, the geo-location of the mobile phone (i.e.. its
latitude and longitude). and the speed obtained through the
GPS receiver. The speed obtained through the GPS receiver
will only be used as a reference in our experiment. Note
that it is rather difficult to get an accurate ground-truth speed
displayed on the speedometer of the vehicle with bare eyes
since the scale on the speedometer is very coarse. Thus, using
the speed obtained from the GPS receiver as a referenced
ground-truth speed is a better option.

2) Experimental Sites: Since our focus is on the urban road
traffic, we conduct our experiments in Bangkok, Thailand. The
data were collected on two routes as shown in Fig. 1. The route
on the left of Fig. 1 is in the Pathumwan area, consisting of
Rama [ Road, Rama IV Road, Payathai Road, and Rajdamri
Road. The route on the right of Fig. 1 is in the Ladprao
area, consisting of Paholyothin Road and Ladprao Road. These
are among the busiest roads in Bangkok. The structures of
these roads are those of the typical urban roads, with multiple
lanes, traffic lights, and intersections. The data were collected
during daytime on weekdays in October and November 2013.
Currently, we have approximately 36,000 seconds of data for
analysis.

B. Data Analysis

After the data have been obtained, we divide them into
blocks of 360 seconds each. This allows us to analyze the
average speed of the vehicle over a 360-second period. This
is appropriate because the traffic condition does not change
abruptly in such a period. In each period, we need to identify
when the vehicle is moving and when it is stationary. The
difference between a stationary state and a non-stationary state
of a vehicle can be classified as follows.
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Fig. 1. Routes used in data collection. On the left is the Pathumwan area.
consisting of Rama I Road. Rama IV Road. Payathai Road. and Rajdamri
Road. On the right is the Ladprao area. consisting of Paholyothin Road and
Ladprao Road. (Images from Google Maps.)

1) A vehicle will be considered as in a stationary state if
the deviation from the initial calibrated value, on every
axes of the accelerometer. is less than a threshold  m/s?
for a continuous duration of at least w seconds.

A vehicle will transit from the stationary state to a
non-stationary state if the deviation from the initial
calibrated value, on any axes of the accelerometer, is
greater than or equal to the threshold ~ m/s? for a
continuous duration of at least ¢) seconds.

L)

The value of 4 used in our study is 0.04g, where g = 9.8 m/s?
is the gravitational acceleration. The values of w and v used
in our study are 1.5 second and 0.3 second, respectively.! The
accuracy of this state classification method will be discussed
in Section IV.

Once the number of stops and the duration of each stop in
a 360-second period are determined, we need to map them to
the ground-truth speed of the vehicle. It is logical to correlate
the non-stationary time of the vehicle to the average speed.
Intuitively, if the vehicle is able to move continuously over
a longer period of time (i.e., longer non-stationary time), it
has a better chance of accelerating to a higher speed. More
formally, let 7 be a non-stationary time of the vehicle over a
360-second period. The expression for 7 can be given as

N

360 — 3 sp ()

k=1

T

where s, is the duration of the %** stop, and N is the total

number of stops in the 360-second period.

Next, we will map the non-stationary time of the vehicle
to the average speed. In this experiment, we will use the
speed obtained through the GPS receiver on the mobile
phone as a reference. Note that this is done for experimental
purposes only. Once a mapping function is obtained, the speed
estimation can be used on a device with an accelerometer,
regardless of whether the device is equipped with a GPS

'We have also experimented with other values of . w. and <. but the

values chosen here yield the best results.

TABLE I
NUMBER OF SAMPLES IN THE TRAINING SET AND THE RESULTING
COEFFICIENTS OF THE POLYNOMIAL FUNCTIONS

Number of samples Coefficients of polynomials

in the training set a Ji]
G0 3.633 x 1077 | —0.0287 | 3.0887
70 3.503 x 10~4 | —0.0273 | 2.8572
80 3.163 x 107* | —0.0102 | 1.4876

receiver or not. Based on the collected data, the instantaneous
speed obtained through the GPS receiver is recorded every
second. The average speed of the vehicle, denoted by 7, can
then be calculated by averaging the instantaneous speed over
the 360-second period as follows

360

1
T = - I 2
T 360§u\ @

where . is the k™" sample of the instantaneous speed.

A mapping between a non-stationary time sample (7) and
an average speed (7) can mow be created. This is done as
follows. The non-stationary time samples are divided into two
separate sets, One set will be used for creating a mapping
function, and the other set will be used for testing the accuracy
of the mapping function. The former will be referred to as the
“training set” while the latter will be referred to as the “testing
set.” A second-order polynomial regression function is used
to map the non-stationary time of the vehicle to the average
speed. The regression equation is of the following form

7= ar’+/r+C (3)

where 7) is the regressed average speed, o and 3 are coeffi-
cients of the polynomial, and C is a constant. The resulting
coefficients of the polynomial functions at different sizes of
the training set are listed in Table 1.

Fig. 2 illustrates the average speed as a function of non-
stationary time of the vehicle. The non-stationary time samples
and their cormresponding referenced average speed are shown
with the symbol ‘o’. The polynomial regression line is also
shown for a comparison. The number of non-stationary time
samples used in the training set in this case is 60. The
coefficients of the polynomial function are as listed in Table 1.
Similarly, the scenarios where the number of non-stationary
time samples in the training set is 70 and 80 are illustrated
in Fig. 3 and Fig. 4. respectively. It can be observed that the
average speed ranges approximately from 1 km/h to 48 km/h.
In general, as the number of samples in the training set
increases, the regression line is able to fit the data better.
In order to concretely evaluate the performance of these
polynomial regression functions, their accuracy will be tested
on a separate set of data in the testing set. The performance
evaluation will be discussed in Section TV.

IV. PERFORMANCE EVALUATION

In this section. we evaluate the accuracy of the state
classification method and the accuracy of the speed estimation
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samples in the training set in this case is 80.

TABLE II
A COMPARISON BETWEEN THE NUMBER OF STOPS AND STATIONARY TIME
INFERRED FROM THE ACCELERUMETER DATA AND THOSE OBTAINED
FROM PHYSICAL OBSERVATIONS

Set Accelerometer Physical Observations
Stop | Stationary | Stop Stationary
Count | Time (s) | Count Time (s)
L o4 g4 114
2 8 19 | s 174
-3 2 218.14 2 2253
4 1 162 2 166.4
5 6 100.3 6 1014
6 8 217.93 6 2219
[ 6 135.60 4 1485
8 12 122.76 12 131
9 3 109.50 3 112.04
10 3 80.38 3 83.92
1§ 3 93.56 3 101.23
12 16 107.59 12 92.30
130 0 3125 4 23.85
14 4 28.96 3 39.13
dstaEy 106.89 2 112.98
16 8 124.64 5 115.70
Al 214.65 L 208.12
18 10 168.29 8 156.83
1958 . 6134 5 HE707
20| 3 142,11 3 145.84
method.

A. Accuracy of State Classification Method

Since we use the data sensed by an accelerometer to infer
the stationary and non-stationary states of the vehicle, it is
important to evaluate the accuracy of the state classification
method. In order to test the accuracy of the state classi-
fication method, we compare the results obtained from the
classification method with the actual number of stops and the
duration of stationary time in each 360-second period. The
actual number of stops and the duration of stationary time are
obtained by physically observing the number of stops that the
vehicle makes and the total duration of each stop. We have
physically observed the states of the vehicle over the duration
of 7,200 seconds. This constitutes to 20 sets of 360-second
periods.

The number of stops and the stationary time obtained from
the accelerometer data and those obtained from the physical
observations are shown in Table II. Overall, it can be observed
from Table II that the differences between the number of
stops obtained from the accelerometer data and those obtained
from the physical observations are quite small. In fact, on
average, the difference between them is only about 1.35. In
addition, it can also be observed that the differences between
the stationary time obtained from the accelerometer data and
those obtained from the physical observations are also quite
small. Actually, the average difference between them is only
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TABLE 1II
ACCURACY OF THE ESTIMATED AVERAGE SPEED AT VARIOUS SIZES OF
THE TRAINING SET

Number of samples €

in the training set (kmv/h)
60 4.81
70 4.76
80 4.72

7.51 seconds, which is equivalent to around 2.08% of the
duration of each observation period. As a result, the method
used in classifying the state of the vehicles based on the
accelerometer data is accurate.

B. Accuracy of Speed Estimation Method

In this section, we evaluate the accuracy of the average
speed estimated from the accelerometer data. After obtaining a
regression function for each training set. we test the accuracy
of the function with a separate set of non-stationary time
samples. The accuracy of the regression function is quantified
in terms of mean absolute error, which can be expressed as
follows

LM

c I > lm - ()
k=1

where ¢ is the mean absolute error, 7, is the k" sample of

the average speed estimated by the regression function, 7}, 1s

the %'" sample of the referenced average speed, and M is the

number of samples in the testing set.

The accuracy of the regression function in each case, in
terms of mean absolute error, is shown in Table ITI. It can be
observed that the mean absolute error ranges from 4.72 knvh
to 4.81 km/h, which is rather small and acceptable for the
targeted traffic applications. In addition, the accuracy tends to
increase as the number of samples in the training set increases.
Thus, we expect that the accuracy will be further improved
if we have a larger number of samples in the training set.
We are still in the process of collecting more data. However,
the results presented in this paper serve as an evidence that
our proposed method is able to transform the data sensed
by an accelerometer on a smartphone into an average speed
accurately.

V. CONCLUSION

In this paper, we have investigated the possibility of using
an accelerometer on a smartphone for estimating the average
speed of a vehicle. An accelerometer is considered in this
study because it consumes much less power than a GPS
receiver. Particularly. we have devised a novel method for
transforming the data sensed by a 3-axis accelerometer into
an average speed of a vehicle. Our estimation approach is
based on an analysis of stationary and non-stationary states of
a vehicle. It is shown in this paper that the average speed and
the non-stationary time of a vehicle has a correlation which
can be described by a second-order polynomial function. The

accuracy of our proposed estimation method is evaluated. It
is shown that the proposed method can achieve the mean
absolute error in the range of 4.72 km/h - 4.81 km/h. which is
quite small and acceptable for the targeted traffic applications.
However, the accuracy is expected to improve as the number
of samples in the training set increases.

Further research is still needed to improve the accuracy.
Moreover, a wider range of average speed snmples also needs
to be considered. We are in the process of collecting more
data.
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