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Abstract—Acquiring instant vehicle speed is desirable and a corner stone to many important vehicular applications. This paper

utilizes smartphone sensors to estimate the vehicle speed, especially when GPS is unavailable or inaccurate in urban environments.

In particular, we estimate the vehicle speed by integrating the accelerometer’s readings over time and find the acceleration errors can

lead to large deviations between the estimated speed and the real one. Further analysis shows that the changes of acceleration errors

are very small over time which can be corrected at some points, called reference points, where the true vehicle speed can be

estimated. Recognizing this observation, we propose an accurate vehicle speed estimation system, SenSpeed, which senses natural

driving conditions in urban environments includingmaking turns, stopping, and passing through uneven road surfaces, to derive

reference points and further eliminates the speed estimation deviations caused by acceleration errors. Extensive experiments

demonstrate that SenSpeed is accurate and robust in real driving environments. On average, the real-time speed estimation error

on local road is 2:1 km=h, and the offline speed estimation error is as low as 1:21 km/h. Whereas the average error of GPS is 5:0 and

4:5 km/h, respectively.

Index Terms—Sensing, driving conditions, vehicle speed, urban environments

Ç

1 INTRODUCTION

THE smartphone-based vehicular applications become
more and more popular to analyze the increasingly

complex urban traffic flows and facilitate more intelligent
driving experiences including vehicle localization [1], [2],
enhancing driving safety [3], [4], driving behavior analysis
[5], [6] and building intelligent transportation systems [7],
[8]. Among these applications, the vehicle speed is an essen-
tial input. Accurate vehicle speed estimation could make
those vehicle-speed dependent applications more reliable
under complex traffic systems in urban environments.

Generally, the speed of a vehicle can be obtained fromGPS.
However, GPS embedded in smartphones often suffers from
the urban canyon environment [9], which could result in low
availability and accuracy. In addition, the low update rate of
GPS is not able to keep up with the frequent change of the
vehicle speed in urban driving environments. Moreover,
continuously using GPS drains the phone battery quickly.
Thus, it is hard to obtain accurate vehicle speed relying on
GPS for applications requiring real-time or high-accuracy
speed estimations. Besides vehicle speed estimation based on

GPS, there are a couple of alternatives by using either the
OBD-II interface [3] or smartphone’s cell tower signals [10]
[11]. Although the speed obtained from OBD-II is quite accu-
rate, this approach relies on an additional OBD-II adapter.
Using cell tower signal changes on smartphones to perform
vehicle speed tracking, [10], [11] show a promising direction
that the smartphone on the vehicle can be employed to facili-
tate vehicle speed estimation. However, the existing studies
utilizing Derivative Dynamic Time Warping (DDTW) algo-
rithm introduces large overhead on collecting offline trace
and prevents large-scale deployment. Also, the speed estima-
tion accuracy of DDTWsuffers from the coarse-grained signal
information. In this paper we consider a sensing approach,
which uses smartphone sensors to sense natural driving con-
ditions, to derive the vehicle speed without requiring any
additional hardware. The basic idea is to obtain the vehicle’s
speed estimation by integrating the phone’s accelerometer
readings along the vehicle’s moving direction over time.
While the idea of integrating the acceleration values over time
seems simple, a number of challenges arise in practice. First,
the accelerometer readings are noisy and affected by various
driving environments. Second, the speed estimation should
be real-time and accurate. Finally, the solution should be
lightweight and computational feasible on smartphones.

We first show the vehicle speed estimation using the inte-
gral of accelerometer’s readings through real road driving
experiments in two different cities. We find that directly
performing integration over acceleration results in large
deviations from the true speed of the vehicle. The interest-
ing observation is that the error between the integral value
and true speed increases almost linearly over time, and is
independent of different phone types. This indicates that
the changes of the acceleration error are very small over
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time which can be corrected if we can derive the speed
errors at some time points. Based on this simple yet useful
finding, we develop a vehicle speed estimation system, Sen-
Speed, which utilizes smartphone sensors (accelerometer
and gyroscope) to sense the practical driving conditions,
which can be exploited to eliminate the acceleration errors
and estimate vehicle speed accurately.

In particular, our system, SenSpeed, identifies unique refer-
ence points from the natural driving conditions to infer the
vehicle’s speed at each reference point grounded on different
features presented by these reference points. Such reference
points include making turns, stopping (at a traffic light or
stop sign or due to road traffic) and passing through uneven
road surfaces (e.g., speed bumps or potholes). Based on the
speed inferred from the reference points, SenSpeed measures
the acceleration error between each two adjacent reference
points and eliminates such errors to achieve high-accuracy
speed estimation. The main advantage of SenSpeed is that it
senses the unique features in natural driving conditions
through simple smartphone sensors to facilitate vehicle speed
estimation. Furthermore, SenSpeed is easy to implement and
computational feasible on standard smartphone platforms.
Our extensive experiments in both Shanghai, China and New
York City, USA validate the accuracy and the feasibility of
using our system in real driving environments.

We highlight our main contributions as follows:

� We propose to perform accurate vehicle speed esti-
mation by sensing natural driving conditions using
smartphone sensors. We study the impact of the
acceleration error on the speed estimation results
obtained from the integral of the phone’s accelerom-
eter readings.

� We exploit three kinds of reference points sensed
from natural driving scenarios to infer the vehicle
speed at each reference point, which could be uti-
lized to reduce the acceleration error that affect the
accuracy of vehicle speed estimation.

� We develop a vehicle speed estimation system, Sen-
Speed, which utilizes the information obtained from
the reference points to measure and eliminate the
acceleration error and achieves high accuracy speed
estimation.

� We conduct extensive experiments in two cities,
Shanghai, China and Manhattan in New York
City, USA. The results show that, in representative
urban environments, SenSpeed can estimate the
vehicle speed in real-time with an average error of
2:12 km/h, while achieving 1:21 km/h during the
offline estimation.

The rest of the paper is organized as follows: The related
work is reviewed in Section 2. We describe basic idea in
Section 3. Section 4 presents the design details of our speed
estimation system, SenSpeed. Section 5 presents energy
optimization of SenSpeed. We evaluate the performance of
our system and present the results in Section 6. Finally, we
give conclusive remarks in Section 7.

2 RELATED WORK

In this section, we review the existing work on vehicle speed
estimation, which can be categorized as follows.

Estimation using pre-deployed infrastructures. In the exist-
ing work, there are two vehicle speed estimation mecha-
nisms deployed on highways or main roads. One is
employing the loop detectors [12], [13], and the other is
using traffic cameras [8]. These solutions all rely on pre-
deployed infrastructures that incur installation cost. The
traffic camera could be installed in urban environments,
but it suffers low accuracy, bad weather conditions and
high maintenance cost.

Estimation using additional devices. OBD-II adapter [3] is a
popular interface to provide the vehicle speed in real-time.
Acoustic wave sensors [14], [15] are utilized to estimate the
vehicle speed in open environments. Furthermore, traffic
magnetic sensors are also employed to capture the vehicle
speed [16]. These approaches need to install additional
hardware to perform speed estimation.

Estimation using phones. To eliminate the need of pre-
deployed infrastructures and additional hardware, recent
studies concentrate on using cell phones to measure the
vehicle speed. In particular, [17], [18] use GPS or sub-
sampled GPS to drive the vehicle speed. Although GPS is
a simple way to obtain vehicle speed, the urban canyon
environment and the low update frequency of GPS make
it difficult to accurately capture the frequent changing
vehicle speed in urban environments. And continuously
using GPS causes quicker battery drainage on smart-
phones. Knowing the drawbacks of using GPS, [10], [11]
estimate the vehicle speed by warping mobile phone
signal strengths and [19], [20] use the handovers between
base stations to measure the vehicle speed. These
solutions need to build a signal database which may
incur high labor cost and cannot achieve high estimation
accuracy.

Obtaining the vehicle speed becomes more and more
important in supporting large amounts of vehicular applica-
tions. Our work is different from the previous studies in
that we explore a smartphone-enabled sensing approach
based on natural driving conditions without the need of
GPS or additional hardware.

3 BASIC IDEA

We first describe how to obtain the vehicle speed from
smartphone sensors. The vehicle’s acceleration can be
obtained from the accelerometer sensor in the smartphone
when a phone is aligned with the vehicle. Suppose the accel-
erometer’s y-axis is along the moving direction of the vehi-
cle as shown in Fig. 1. We could then monitor the vehicle
acceleration by retrieving readings from the accelerometer’s
y-axis. The vehicle speed can then be calculated from the
integral of the acceleration data over time:

Fig. 1. Illustration of the vehicle’s coordinate system and the
smartphone’s coordinate system.
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SpeedðT Þ ¼ S peedð0Þ þ
Z T

0

accðtÞ dt; (1)

where SpeedðT Þ is the vehicle speed at time T and accðtÞ is
the vehicle acceleration function of each time instant t.

Instead of producing a continuous function accðtÞ, the
accelerometer in practise takes a series of the vehicle accel-
eration samples at a certain sampling rate. Thus the vehicle
speed can be transformed as

SpeedðT Þ ¼ Speedð0Þ þ
XT�k
i¼0

1

k
accyðiÞ; (2)

where k is the sample rate of the accelerometer and accyðiÞ is
the ith sample, i.e., the ith received reading from the accel-
erometer’s y-axis. Therefore, in order to obtain the vehicle
speed, we take a series of the acceleration samples by moni-
toring the accelerometer continuously.

Although the basic idea of using smartphone sensors
to estimate vehicle speed is simple, it is challenging to
achieve high-accuracy speed estimations. The most obvi-
ous problem is that the noise from sensor readings cause
serious errors in the estimation results. Such sensor read-
ings are affected by various noise encountered while
driving such as engine vibrations, white noise, etc. And
the estimation errors are accumulated when integrating
the accelerometer’s readings over time.

To study the impact of the accumulative error on the
speed estimation’s accuracy, we conduct experiments about
1,200 kilometers driving at different urban regionswith three
different smartphones (Galaxy Nexus by Samsung, Nexus4
by LG and iPhone4s by Apple) for over two weeks. Fig. 2
shows the results of a 12 minutes driving that compare the
integral value of readings from the accelerometer’s y-axis
with the true vehicle speed collected from an OBD-II
adapter. It can be seen from Fig. 2 that the integral results
(i.e., the purple curve) grows rapidly over time. This is
because the accumulative errors cause large deviations
between the speed estimation from the integral value and
the true speed. Therefore, in order to estimate the vehicle
speed accurately, the accumulative errormust be eliminated.

One important observation is that the black curve of the
difference between the integral value from Eq. (2) and the
true speed increases almost linearly over time, which indi-
cates that the changes over time of the acceleration error are
very small. These results are consistent during our experi-
ments at different urban regions with three different smart-
phones. Thus, if we can derive techniques to measure the
acceleration error, the integral value of the accelerometer’s

readings can be corrected to get close to the true vehicle
speed. Since the difference curve between the integral
value and the true speed is an approximate linear func-
tion of time, the acceleration error is strongly related to
the slope of the curve. If we can obtain the true speeds
at two time points along the difference curve, the slope
of the curve could then be calculated and the acceleration
error could be derived accordingly. However, the differ-
ence curve is not exactly linear, and slight changes of the
slope (i.e., the acceleration error) would affect the accu-
racy of the speed estimation. To sense the slight changes
over time of the acceleration errors, we should capture as
many as possible time points, called reference points,
where the true speed is known, then calculate accelera-
tion errors between each two adjacent points. After
knowing these acceleration errors, the integral values can
be corrected to get closer to the true speeds.

4 DESIGN OF SENSPEED

In this section, we present the design of our proposed sys-
tem, SenSpeed, which estimates vehicle speed accurately
through sensing driving conditions in urban environments.
SenSpeed does not depend on any pre-deployed infrastruc-
ture and additional hardware.

4.1 System Overview

The vehicle speed can be estimated by integrating of accel-
eration data over time. However, the accumulative error
from the biased accelerations causes large deviations
between the true speed and the estimated speed. In order to
realize an accurate vehicle speed estimation, SenSpeed
senses the natural driving conditions to identify the refer-
ence points, then uses the information of the reference
points to measure the acceleration error and further elimi-
nates accumulative error.

Our system identifies three kinds of references points,
making turns, stopping, and passing through uneven road surfa-
ces, by sensing natural driving conditions based on smart-
phone sensors. 1) making turns. A vehicle usually undergoes
plenty of turns in urban environments. The vehicle speed
can be inferred according to a principle of the circular
movement when a vehicle makes a turn. 2) stopping. A vehi-
cle stops frequently in urban environments because of stop
signs, red traffic lights or heavy traffic. When a vehicle
stops, the vehicle speed is determined to be zero. 3) passing
through uneven road surfaces. Speed bumps, potholes, and
other severe road surfaces are common on urban roads. The
accelerometer’s readings from smartphones can be utilized
to infer the vehicle speed, when a car is passing over uneven
road surfaces.

The workflow of SenSpeed is shown in Fig. 3. Sen-
Speed uses two kinds of sensors in smartphones, acceler-
ometers and gyroscopes, to estimate the vehicle speed.
The accelerometer is used to monitor the vehicle accelera-
tion and the gyroscope is used to monitor the vehicle
angular speed. Getting the readings from the accelerome-
ter and the gyroscope, SenSpeed first performs Coordinate
Reorientation to align the phone’s coordinate system with
the vehicle’s. After that, the raw speeds are obtained by
calculating the integral of the aligned readings from the

Fig. 2. The true speed, integral value of the accelerometer’s readings
and their difference in a real driving environment.
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accelerometer in Raw Speed Estimation. Meanwhile, Sen-
Speed senses reference points by analyzing the aligned
readings from the accelerometer and the gyroscope in
sensing reference points and infers the vehicle speed at
each reference point. Next, in acceleration error measure-
ment, the acceleration errors between each two adjacent
reference points are calculated and then used to correct
the raw speed estimations in reference points correction.
Finally, SenSpeed outputs high-accuracy speed estima-
tions. In order to achieve accurate speed estimations, the
speeds at the two adjacent reference points need to be
known. However, the speed at the next reference point is
unknown on the real-time speed estimation, so the accel-
eration error between two reference points can not be cal-
culated. Since we know the changes of the acceleration
error over time are very small, acceleration error measure-
ment uses the exponential moving average to derive the
current acceleration error from recent histories. There-
fore, SenSpeed can provide real-time speed estimation of
vehicles.

4.2 Sensing Reference Points

To correct speed estimation from the integral of the acceler-
ometer’s readings, the acceleration error should first be
measured. If we know the speed at reference points, the
acceleration error can be inferred. SenSpeed senses natural
driving conditions to identify reference points including
making turns, stopping and passing over uneven road surfaces.

4.2.1 Sensing Turns

When a vehicle makes a turn, it experiences a centripetal
force, which is related to its speed, angular speed and turn-
ing radius. Thus, by utilizing the accelerometer and the
gyroscope, we can derive the tangential speed of a vehicle.
Suppose a car is turning right, as is shown in Fig. 4, then

v ¼ vR, a ¼ v2R, and v ¼ v0, where a is the centripetal

acceleration, v0 is the angular speed of the car, R is the turn-
ing radius and v is the angular speed that is related to the
center of the orbit circle. Thus, we obtain

v ¼ a

v0 : (3)

Since the centripetal acceleration a and the angular speed v

can be obtained from the accelerometer and the gyroscope
respectively, the speed can be calculated based on Eq. (3).

Fig. 5 plots the angular speed obtained from the gyro-
scope, the speed measurement from Eq. (3) and the speed
from an OBD-II adapter when a vehicle makes a turn, i.e., at
a turn reference point. It can be seen that the change of the
angular speed is very clear at the turn reference point. If the
readings from the gyroscope exceeded a trained threshold
[3], SenSpeed determines the vehicle is making a turn. In
addition, the values of the speed measurement from Eq. (3)
at the turn reference point are very close to the ground truth.

Then, we analyze the speed measurement error at turn
reference points. A series of experiments are conducted in
real driving environments. Fig. 6 plots the CDF of the speed
estimation errors at turn reference points. From this figure,
we observe that 80 percent of measurement errors are lower
than 3:5 km/h and the average error is about 1:8 km/h,
which indicates that the speed measurements at turn refer-
ence points are accurate. We also find that drivers tend to
use a small angular speed to avoid an exorbitant centripetal
acceleration when turning under high speed, but a small
angular speed is more easily affected by noise. Thus, the
accuracy decreases under the higher speed in Fig. 6. How-
ever, drivers usually make turns under 30 km/h for driving
safety, thus accurate vehicle speed can be inferred by using
turns as reference points.

Fig. 3. System architecture.

Fig. 4. Illustration of the circular movement when a car makes a turn.

Fig. 5. The speed measurement at a turn reference point using centripe-
tal acceleration and angular speed.

Fig. 6. CDF of the speed measurement errors at turn reference points.
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4.2.2 Sensing Stops

The vehicle speed decreases to zero when a vehicle stops, so
we can obtain the exact speed at a stop reference point.
Based on our observation, the data pattern of the accelera-
tion on the vehicle’s z-axis for stop is remarkably different
from that of moving. Fig. 7 plots the readings from the accel-
erometer’s z-axis when the vehicle is moving and stops.
From Fig. 7, it can be seen that the jitter of the acceleration
on z-axis is almost disappeared and the standard deviation
of the acceleration on z-axis remains low while the vehicle
stops. Thus, the standard deviation of the acceleration on
z-axis can be used to detect stop reference points. The stan-
dard deviation of the acceleration collected by smartphone
is calculated in a small sliding window (usually the size of
the window is set as 1 s, which is determined through
empirical studies).

4.2.3 Sensing Uneven Road Surfaces

Speed bumps, potholes, and uneven road surfaces are com-
mon in urban environments. When a car is passing over
uneven road surfaces, the accelerometer’s readings from
smartphones can also be utilized to infer the vehicle speed.
Fig. 8 shows the accelerations on the car’s z-axis, when a car
is passing over a speed bump. The front wheels hit the
bump first and then the rear wheels. In Fig. 8, the first peak
is produced when the front wheel is passing over the bump
and the second peak is produced by the rear wheels. Sup-
pose we know the time interval ~T between these two
peaks, as well as the wheelbase W of the vehicle, then the

vehicle speed can be measured as v ¼ W
~T

.

Considering the similarity between the two peaks, we
use auto-correlation analysis to find ~T . Given an accelera-
tion sequence on z-axis, fAccg, auto-correlation of lag t is:

RðtÞ ¼ E½ðAcci � mÞðAcciþt � mÞ�
s2

; (4)

where m is the mean value of Acc and s is the standard devi-
ation. Fig. 8 also shows the auto-correlation results of the
accelerometer’s readings on z-axis. Obviously, RðtÞ is an
even function, so RðtÞ ¼ Rð�tÞ. To get the ~T , we need to
find the maximum peak value except the one at t ¼ 0, and
the horizontal distance from the maximum peak to t ¼ 0
equals to ~T . The time t ¼ 0 can be obtained by checking
the value of Acc and when it is larger than a threshold
which can be learned through empirical studies, such a time
point is regarded as R(0). And for the wheelbase, we can get
it from vehicle’s product specifications.

Additionally, according to [21], the phone’s location in
the car has an influence on the shape of the two acceleration
peaks. Specifically, If the phone is located in the front row,
then the first peak has a larger amplitude than that of the
second peak and vice versa. However, in our experiment,
the phone’s location is not changed during driving. Thus
whatever the shapes of the two acceleration peaks, they are
always similar to each other and can be detected by auto-
correlation. Therefore, the phone positions will not affect
the detection of~T .

Fig. 9 depicts the accuracy of speed measurement at
reference points including speed bumps, potholes, and
other uneven road surfaces. It can be seen that 80 percent of
measurement errors are lower than 2:7 km/h under the
low speed (i.e., 0-50 km/h), 80 percent of measurement
errors are lower than 3:4 km/h under the high speed (i.e.,
100-150 km/h), and the average error is about 1:9 km/h.
Also, we find that the vehicle speed affects the measure-
ment accuracy, i.e., the accuracy slightly increases as the
speed decreases. This is because that the accuracy is affected
by the sampling rate. For example, suppose the vehicle
speed is 30 km/h, the sampling rate of the accelerometer is
200 Hz and the wheelbase is 3 m, then the samples between
the two wheels passing over a bump or pothole is
wheelbase
speed � frequency � 72 samples. By contrast, when the

vehicle speed is 130 km/h, the number of the samples
decreases to 17samples. A smaller number of samples
causes slightly worse accuracy. However, the average vehi-
cle speed in urban area is relatively low (under 80 km/h).

Fig. 7. Illustration of the acceleration on the vehicle’s z-axis and the cor-
responding standard deviation when a vehicle stops.

Fig. 8. Illustration of the acceleration on the vehicle’s z-axis and the cor-
responding auto-correlation results when a car is passing over a bump.

Fig. 9. CDF of the speed measurement errors at uneven road surface
reference points.
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Thus the vehicle speed at uneven road surfaces can be accu-
rately measured in real driving environments.

4.3 Eliminating Accumulative Errors

With the above sensed reference points, once a vehicle
makes turns, stops or passes over uneven road surfaces,
SenSpeed is able to estimate the instant vehicle speed. In
order to realize an accurate vehicle speed estimation, Sen-
Speed utilizes reference points to qualify the acceleration
error and eliminate accumulative error.

In Fig. 10, the vehicle starts with zero speed, and there
are two reference points PA and PB (i.e., the vehicle passes
the reference point A and B at time Ta and Tb respectively).
Suppose the integral value of the accelerometer’s readings
from zero to time t is SðtÞ and the measured speed at the ref-
erence point x is RPSx, the errors of the vehicle speed at the
reference point a and b are ~SðTaÞ ¼ SðTaÞ �RPSa and
~SðTbÞ ¼ SðTbÞ �RPSb respectively. Since the value of
acceleration error is nearly a steady constant and strongly
related to the slope of the ~SðtÞ curve, the acceleration
error between PA and PB can be calculated as:

~A ¼ ~SðTbÞ �~SðTaÞ
~Tb

a

: (5)

where ~Tb
a is the interval time between the reference points

A and B. Thus, the accumulative error from Ta to t is
R t

Ta
~A dt,

i.e., ~A� ðt� TaÞ. Furthermore, the corrected speed estima-
tion S0ðtÞ between A and B is:

S0ðtÞ ¼ SðtÞ �~SðTaÞ � ~A� ðt� TaÞ: (6)

We then apply this algorithm to the same data used in Fig. 2,
and the corrected estimation results are shown in Fig. 11. It
can be seen that the corrected speedsmatch the ground truth
closely. As a result, the mean estimation error after speed
correction by using the reference points is 1:05 km/h.

The above algorithm uses the information of two adjacent
reference points to correct the speed estimations between
these two points. However, it is an offline algorithm that can
not be used for real-time speed estimations, because the
information about the next reference point is unknown on
real-time speed estimations. In order to achieve a real-time
speed estimation, an online algorithm is proposed to estimate
the current acceleration error. Since we know that the accel-
eration error changes slightly over time, thus the current
acceleration error can be derived from the recent reference
points. In particular, we utilize the exponential moving average

to estimate the current acceleration error by using the recent
reference points. When the ith reference point is sensed, the

current acceleration error ~Ai between the ith and ðiþ 1Þth
reference point is updated through:

~Ai ¼ a � ~Ai�1 þ ð1� aÞ �~SðTiÞ �~SðTi�1Þ
~T i

i�1

; (7)

where a is the weight coefficient. In SenSpeed, a is set to be
0:5. a can determine which of the two portions is more
important. The real-time speed estimation between the ith
and the ðiþ 1Þth reference point is corrected by:

S0ðtÞ ¼ SðtÞ �~SðTiÞ � ~Aiþ1 � ðt� TiÞ: (8)

We also apply this online algorithm to the same data used in
Fig. 2, and present the corrected speed estimation in Fig. 11.
We observe that there are some small differences between
the online estimation and the ground truth, which indicates
the online algorithm has a comparable accuracy when com-
pared with the offline algorithm. Although the differences
exist, they are very small and the mean estimation error of
the online speed estimation algorithm is 1:74 km/h.

4.4 Complexity Analysis

We assume that the amount of sensing data from accelerom-
eter and gyroscope is N and the amount of reference points
is M. The computational overhead of SenSpeed can be
divided into the following parts.

Raw vehicle speed calculation. The raw vehicle speed is cal-
culated from the integral of acceleration data over time.
Each time an input from accelerometer is read, the system
calculates the current vehicle speed, the last vehicle speed
and the time interval between the adjacent calculations. It is
clear that only the reading from accelerometer is a relevant
factor for computational complexity, which is OðNÞ.

Rotation matrix calculation. SenSpeed only needs to calcu-
late the rotation matrix when it starts. Thus the complexity
of this calculation is Oð1Þ. (see Section 4.6.1)

Sensing reference points. For turns, SenSpeed needs to
monitor readings from gyroscope continuously and calcu-
lates vehicle speed when a turn is sensed. So the complexity
of calculation is linearly associated with the number of
the reading from gyroscope, which is OðNÞ. For stops,
SenSpeed needs to monitor the z-axis of the readings
from accelerometer and calculates its standard deviation to
decide whether the car stops. Although it is complex to cal-
culate the standard deviation of all data, there is one

Fig. 10. Illustration of the acceleration error measurement using refer-
ence points.

Fig. 11. Results of the offline and online vehicle speed estimation using
SenSpeed.
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optimizations available. We can divide the input into sev-
eral equal size windows and only calculate standard devia-
tion within each window. In this way, the complexity of
calculation can be reduced to OðNÞ. For uneven road surfa-
ces, we need to calculate the auto-correlation function of the
wave, which needs readings from accelerometer within a
window of a certain length. However, since this calculation
is only triggered when hit bump, the complexity of auto-
corrlelation function is Oð1�MÞ. Thus, the complexity is
OðM þNÞ for sensing reference points.

Eliminating accumulative errors. It can be seen from
Equations 7 and 8 that the complexity is linearly associated
with the reading from accelerometer, which is OðNÞ.

Based on the above analysis, the calculation complexity
of SenSpeed is OðM þNÞ. Further, since the number of ref-
erence points is much smaller than the number of readings
from sensors in practice. The complexity of SenSpeed is
thus OðNÞ.

4.5 The Impact of Reference Point Accuracy

Since SenSpeed uses reference points to eliminate the speed
estimation deviations caused by acceleration errors, the
accuracy of vehicle speed will be degraded if there are
errors on the instant speed estimation at reference points.
Thus, it is necessary to discuss the impact of errors on the
instant speed estimation at reference points.

The instant speeds at adjacent reference points are used
to eliminate accumulative error. There are four possible
relationships between the estimated and real speed at adja-
cent reference points, as shown in Fig. 12. We assume the
time when a car passes adjacent reference points A and B
are TA and TB, respectively. Further, SðtÞ represents the real
vehicle speed at time t and S0ðtÞ represents the speed esti-
mated by SenSpeed. So the difference between the esti-
mated and real vehicle speed at reference point A and B are
DSA ¼ S0ðTAÞ � SðTAÞ and DSB ¼ S0ðTBÞ � SðTBÞ respec-
tively. If we assume all systematic errors come form the
error incurred from reference points, the average systematic
error between TA and TB is:

AVGerror ¼ 1

TB � TA

Z TB

TA

jS0ðtÞ � SðT Þjdt; (9)

Type A. Relationship between the real speed and estimated
speed at reference points are S0ðTAÞ > SðTAÞ and S0ðTBÞ <
SðTBÞ respectively. Thus, AVGerror is:

AVGerror ¼ DS2
A þ DS2

B

2ðSA � SBÞ <
jDSAj þ jDSBj

2
: (10)

Type B. Relationship between the real speed and esti-
mated speed at reference points are S0ðTAÞ > SðTAÞ and
S0ðTBÞ > SðTBÞ respectively. Thus, AVGerror is:

AVGerror ¼ DSA þ DSB

2
¼ jDSAj þ jDSBj

2
: (11)

Type C. Relationship between the real speed and
estimated speed at reference points are S0ðTAÞ < SðTAÞ and
S0ðTBÞ > SðTBÞ respectively. Thus, AVGerror is:

AVGerror ¼ DS2
A þ DS2

B

2ðSB � SAÞ <
jDSAj þ jDSBj

2
: (12)

Type D. Relationship between the real speed and
estimated speed at reference points are S0ðTAÞ < SðTAÞ and
S0ðTBÞ < SðTBÞ respectively. Thus, AVGerror is:

AVGerror ¼ �DS2
A � DS2

B

2ðSA � SBÞ <
jDSAj þ jDSBj

2
: (13)

Therefore, the error is AVGerror 	 jDSAjþjDSBj
2 , no matter

what relationship between the real speed and estimated
speed at adjacent reference points. Since it is nearly impossi-
ble that all estimated speeds at reference points are greater/
smaller than the real speed, the above equation could be fur-
ther extended for multiple reference points, as:

AVGerror <
1

N

XN
i¼1

jDSij: (14)

It can be inferred from the equation above that the accuracy
of SenSpeed is not significantly affected even if the speed
error is relatively large at some reference points. That is
because the speed error at a certain reference point should
be less than the average error at all reference points. There-
fore, SenSpeed is robust enough to cope with the errors at
reference points.

4.6 Practical Issues

In the implementation of SenSpeed, we are facing several
practical issues as follows.

4.6.1 Reorienting the Coordinate Systems

SenSpeed can not derive meaningful vehicle speed estima-
tions from sensors’ readings unless the phone’s coordinate
system is aligned with the vehicle’s. Since the pose of a
smartphone in a vehicle could be arbitrary, we should first
align the motion sensors’ readings in the phone’s coordinate
system with the vehicle’s before it can be utilized to estimate
the vehicle speed.

Fig. 12. Illustration of four types of reference points combination.

208 IEEE TRANSACTIONS ON MOBILE COMPUTING, VOL. 15, NO. 1, JANUARY 2016



In our previous work [3], a rotation matrix R ¼ î ĵ k̂
� �

(where î, ĵ and k̂ are three-dimensional coordinate vectors
that represent the x, y and z-axis direction of the vehicle
coordinate system in the phone’s respectively) is used to
align the sensors’ readings with vehicle’s coordinate system.
In the method, we first apply the low pass filter on the accel-

eration data to get k̂, then extract ĵ by observing the vehicle
acceleration and deceleration when driving straight, and

finally calculate î ¼ ĵ� k̂. We can obtain the rotated sensor
reading aligned with vehicle’s coordinate system by apply-
ing the rotation matrix.

However, [3] does not consider the transform accuracy
on z-axis of the accelerometer. Consider the scenario that
the gravity direction does not align with the z-axis of the
vehicle when the vehicle is running on a slope. In order to
keep the orthogonality of the vectors in rotation matrix, we
recalibrate the z-axis vector by k̂ ¼ î� ĵ.

After obtaining the corrected rotation matrix R0, a sensor
reading r̂s in the smartphone’s coordinate system could
be rotated by r̂v ¼ r̂s � R0. Now, a sensor reading in the
smartphone’s coordinate system can be aligned exactly
with the vehicle’s coordinate system.

4.6.2 Allowing Usage of Phone

The coordinate alignment uses a rotation matrix to align the
phone’s coordinate system with the vehicle’s. Once the pose
of phone is changed, the rotationmatrix needs to be re-calcu-
lated. In order to solve the problem, SenSpeed first needs to
detect the change of the phone’s pose, then recalculates a
new rotation matrix to align the phone’s coordinate system
with the vehicle’s. Fig. 13 shows the readings from the gyro-
scope while a driver or passenger picks up a phone and then
puts it back. It can be seen that the gyroscope’s readings
have large fluctuation on all three axis when the pose of
phone changes. As a result, SenSpeed is able to detect the
change of the phone’s pose by monitoring the gyroscope’s
readings continuously. Once a change of the pose is detected,
SenSpeed conducts coordinate alignment again to calculate a
new rotation matrix. Specifically, both after a pick-up and a
put-down of the phone is detected, once the gyroscope’s
readings return to a flat state, SenSpeed conducts coordinate
alignment again to calculate a new rotationmatrix.

4.6.3 Acquiring the Wheelbase Information

When SenSpeed uses uneven road surfaces as reference
points, the information of wheelbase is needed to infer
the speed at the reference points. Although we can get the
wheelbase of a vehicle from the product specifications, it

requires extra user operations to input the wheelbase into
the system. To solve this problem, SenSpeed first needs to
estimate the vehicle speed v and the delay ~T between the
two peaks caused by the front wheels and the back wheels.
Then, the wheelbase can be calculated as W ¼ v �~T . For
the time delay ~T , we can measure it with the method
presented in Section 4.2.3. For the vehicle speed, SenSpeed
can obtain it either with GPS or itself:

Measure with GPS. The position of a smartphone can be
determined by using GPS. We can get the average vehicle
speed by utilizing the position and time interval from adja-
cent GPS data.

Measure with self-estimated speed. SenSpeed first uses stops
and turns as reference points to estimate the vehicle speed,
then uses the estimated speed to learn the wheelbase. After
a couple of wheelbase measurements, the accurate wheel-
base information can be obtained.

The advantage of the latter solution is that it needs nei-
ther user inputs nor the GPS, and only involves in SenSpeed
itself. It is a self-learning process to obtain the wheelbase. In
order to further compare the efficiency and accuracy of the
two methods above, we perform a series of experiments to
illustrate the average error, which is shown in Fig. 14. It can
be seen that the error of either method decreases when the
number of reference points increases. The reason is the
elimination of white noise and improvement of accuracy
by using the average of many measurements. Besides,
the accuracy of wheelbase estimation by using GPS is not
as good as using SenSpeed itself. That is because the low
sampling rate of GPS is not good enough to make prompt
responses to the change in speed, which leads to a accu-
racy degradation. Also, the figure shows that the error of
wheelbase can be reduced to around 2 percent when the
number of reference points is larger than 5 using the GPS
method or larger than 3 using the SenSpeed method.
This accuracy is good enough to support the above
wheelbase measurement method by utilizing bumps of
the vehicle. Finally, in terms of accuracy, using SenSpeed
itself is a better choice than using GPS.

To further evaluate the impact of unknown wheelbase,
we carry on another experiment which compares the per-
formances of SenSpeed using known and unknown wheel-
base, respectively. Fig. 15 shows the CDF of the speed
estimation errors using known and unknown wheelbase. It
can be seen the estimation errors of both offline and online
algorithms show virtually no drop when the wheelbase
become unknown. Thus, unknown wheelbase does not
affect the speed estimation much.

Fig. 13. Illustrating the change of the gyroscope’s readings while a driver
or passenger picks up a phone and then puts it back.

Fig. 14. The estimation error of wheelbase using GPS or SenSpeed
itself.
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5 ENERGY OPTIMIZATION

Energy consumption is an important issue on smartphones.
In this section, we first analyze the energy consumption of
SenSpeed. Then, an optimized SenSpeed is proposed, which
could effectively reduce the energy consumption of Sen-
Speed by automatically adjusting the sampling rate based
on the density of the reference point.

5.1 Energy Consumption Model of Sensors

In order to optimize the energy consumption of Sen-
Speed, we first introduce the operation mode of smart-
phone motion sensors. Modern motion sensors usually
have 6 power modes, i.e., IdleMode, Accelerometer Low
Power Mode, Accelerometer Mode, Gyroscope Mode and Gyro-
scope Accelerometer Mode. Energy consumption is the low-
est when the motion sensor is running under Idle Mode,
which is only 5mA. Besides, energy consumption is also
relatively low when Accelerometer Low Power Mode is
on, which is 10-140mA. The specific energy consumption
of this mode is related with sampling rate, which is
shown in Fig. 16. It is obvious that the power consump-
tion of accelerometer is approximately linearly associated
with the sampling rate. There is no low power mode
for gyroscope. Once the gyroscope starts running, it
consumes much more energy than accelerometer, which
is 3:6 mA. Therefore, there are two important principles
in reducing power consumption of Senspeed: Since the
power consumption of gyroscope is much higher
than that of accelerometer, SenSpeed needs to try to
avoid using gyroscope in order to reduce the power
consumption; Since the low power mode is available
when the sampling rate is low, a significant amount of
energy could be saved by reducing the sampling rate of
SenSpeed.

5.2 Frequency Adaptation Optimization
of SenSpeed

5.2.1 Impact of Sampling Rate on Accuracy

In order to make SenSpeed more energy efficient, the sam-
pling rate of accelerometer need to be reduced. A low sam-
pling rate, however, could result in reference point
recognition problem, which degrades the accuracy of Sen-
Speed. We perform some experiments on the impact of sam-
pling rate on reference point recognitions. Fig. 17 shows that
the percent of reference point recognition rate under differ-
ent sampling rates.

Turning reference point. It can be seen from Fig. 17 that the
sampling rate does not affect the recognition rate of turning
reference points. That is because a car usually takes more
than 1s to make a turn. Even if the sampling rate of motion
sensors is reduced, SenSpeed could still sense a significant
change in readings from gyroscope while the car is turning.
So the sampling rate of motion sensors does not affect the
recognition of turning reference points.

Stopping reference point. Compared with turning reference
points, a low sampling rate has a minor effect on the recog-
nition of stopping reference points. Since we use the stan-
dard deviation of the vehicle’s acceleration along z-axis
when sensing stopping reference points, a low sampling
rate could bring in errors in recognition. However, we can
also see from Fig. 17 that when sampling frequency is above
20Hz, the recognition rate does not changed.

Uneven road surface reference point. Different with the two
kinds of reference points above, the low sampling rate could
significantly degrades the recognition of uneven road
surface. The recognition rate is below 10 percent if the low
sampling rate is used. With the reduced sampling fre-
quency, the characteristics of the original wave gradually
fade out. When the sampling rate is below 25 Hz, it is hard
for SenSpeed to recognize bumping from the wave.

Also, we analyze the impact of the sampling rate on the
whole SenSpeed system. Fig. 18 shows that the CDF of the
speed estimation errors using different sampling rates. It
can be seen the estimation errors of the offline and online
algorithm raise slightly when the sampling rate drops from
200 to 25Hz.

5.2.2 Impact of Sampling Rate on Power Consumption

SenSpeed incurs two kind of power consumption while it is
running. The first is the power consumption from the
motion sensor. A low sampling rate could significantly
reduce the power consumption of the motion sensors. The

Fig. 15. CDF of the speed estimation errors using known and unknown
wheelbase.

Fig. 16. The relationship between sensor supply current and sampling
frequency.

Fig. 17. The relationship between the recognition rate of reference points
and sampling frequency.
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second is power consumption of CPU. In order to infer vehi-
cle speed form motion sensor readings, SenSpeed needs use
the computation power of CPU, whose energy consumption
is linearly associated with its workload. From the discussion
in Section 4.4, the computation complexity of SenSpeed is
OðNÞ, where N is the number of readings from the motion
sensors. Thus, a low sampling rate can reduction data size
generated by motion sensors and finally lead to the reduce
of energy consumption of CPU.

Therefore, the benefit of reducing sampling rate is two-
fold. The power consumption of motion sensors and CPU
can both be reduced by reducing sampling rate. Taking the
result shown in Fig. 17 into consideration, although the
accuracy of uneven road surface reference points recogni-
tion is degraded under the low sampling rate, we can still
eliminate the accumulative error by using all three kind of
reference points. Through the adjustment of motion sensors’
sampling rate, we could achieve power consumption opti-
mization without losing speed estimation accuracy.

5.2.3 Sampling Rate Adaptation

Based on the analysis above, a novel sampling rate adapta-
tion method for SenSpeed is proposed. In order to reduce
power consumption, it utilizes the estimated vehicle speed
and reference point density to adjust the sampling rate of
accelerometer and gyroscope. The rationale of this method
is: when the density of stop reference points and uneven
road surface reference points are high, gyroscope is turned
off to save energy; when the vehicle speed is low, we could
make the accelerometer working at the low power mode;
when the density of stop reference points and uneven road
surface reference points are too low, we turn on gyroscope
to increase the density of those reference points.

For different combinations of vehicle speed and reference
points density, SenSpeed employs different sampling strat-
egy, which is shown in Fig. 19. It can be seen that mode (I)
is the most power efficient one, for it not only turnoff the
gyroscope and make the accelerometer run under low
power mode, but also reduce computation by cutting down
sampling rate. On the contrary, mode (III) consumes most
power, because both the accelerometer and gyroscope use a
high sampling rate.

Fig. 20 illustrates the change in sampling rate based on
different combinations of vehicle speed and reference points
density. First, mode (IV) is used under a low speed and ref-
erence point density condition. In this phase, the sampling
rate increases with the increase in the vehicle speed. Then,
when the vehicle speed is higher than a pre-learned thresh-
old, the sampling mode is changed to mode (III). In order to

keep the accuracy of SenSpeed, the sampling frequency
of the accelerometer and the gyroscope must be high to
sense as much reference points as possible. After the
vehicle slows down, the sampling mode changes back to
mode (IV), until a increase in reference point density is
encountered. According to Fig. 19, we use mode (I) when
the vehicle speed is low and reference point density is
high. Finally, after the vehicle speed goes up, Senspeed
uses mode (II) to sense reference points.

6 EVALUATION

In this section, we evaluate our speed estimation system,
SenSpeed, in real driving environments using two types of
smartphones in two different cities.

6.1 Prototype

We implement SenSpeed as an open source Android App
and install it on smartphones: Galaxy Nexus (Manufactured
by Samsung, Android 4.2, 1.2 GHz dual-core, 1 GB RAM,
Maximum sampling rate of accelerometer and gyroscope:
100 Hz) and Nexus4 (Manufactured by LG, Android 4.2, 1.5
GHz quad-core, 2 GB RAM, Maximum sampling rate of
accelerometer and gyroscope: 200 Hz). SenSpeed senses the
natural driving conditions by using both accelerometers
and gyroscopes. Meanwhile, the raw data of accelerometers’
and gyroscopes’ reading are stored on smartphones for off-
line data analysis.

6.2 Real Road Driving Environments

To evaluate the generality and robustness of SenSpeed, we
conduct experiments in two typical urban environments:
one is in Shanghai, China with Nexus4, and the other one is
in New York City, USA with Galaxy Nexus. Fig. 21 shows

Fig. 18. CDF of the speed estimation errors using different sampling
rates, i.e., 200, 100, 50, 25 Hz.

Fig. 19. Four sampling strategies under different combinations of vehicle
speed and reference point density.

Fig. 20. Four sampling strategies under different combinations of vehicle
speed and reference point density.
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the areas that our traces covered in these two cities. In
Shanghai, we evaluate our system on different road types
including local roads and elevated roads, as well as differ-
ent regions including the area within Inner Ring (financial
districts and shopping centers) and the area outside Outer
Ring (living districts). Similarly in Manhattan, two kinds of
road types (local road and highway), as well as two regions
(the financial district in Downtown and the living district in
Uptown), are covered in our experiments. Furthermore,
experiments are conducted in both peak time and off-peak
time. In addition, three types of cars are involved in our
experiments: Volkswagen Lavida and Passat are used in
Shanghai, and Nissan Altima is used in Manhattan, New
York City. We collect about 2,500 kilometers driving traces
in Shanghai for over one month and 1,600 kilometers driv-
ing traces in Manhattan for over three weeks.

6.3 Speed Estimation Accuracy

We evaluate the speed estimation accuracy of our system
when driving on different types of road and under different
periods of day. We experimented with two type of speed
estimations: online and offline speed estimation. We com-
pare the estimated speed by our system with that of ground

truth and the GPS. The ground truth is obtained from the
calibrated (i.e., with respect to tire pressure and tire worn)
OBD-II adapter. Fig. 22 presents the average estimation
error in both Shanghai and Manhattan for online, offline
and GPS estimations.

Overall performance. From Fig. 22, we observe that our
speed estimation (both online and offline) leveraging all the
reference points (i.e., All) has low errors and achieves better
accuracy than that of GPS under all types of roads and dif-
ferent periods of day. For example, on local road in Manhat-
tan, the average error for the offline and online speed
estimation is only 1:1 and 2:1 km/h respectively, whereas it
is up to 4:5 and 5:0 km/h for GPS respectively (Due to the
next sample from GPS is unknown, the online estimation
using GPS has lower accuracy). Further, we find that the off-
line estimation is slightly better than that of the online esti-
mation, and this is because the value of acceleration error is
not exactly accurate due to the lack of the next reference
point information.

Accuracy versus reference points. We next evaluate the esti-
mation accuracy of our system by using only one type of ref-
erence points. We find that the average estimation error on
local road is still lower than of GPS even if only one type of
reference points is used in both cities. However, the speed
estimation using turns or stops is worse than that of GPS
under elevated road and highways due to the fact that there
are less turns and stops can be used as reference points. Still,
we find that by using uneven road surfaces only, we can
achieve comparable or better accuracy when comparing
with GPS under all types driving roads.

Accuracy versus type of roads. Fig. 22 shows the road type
affects the speed estimation accuracy. In particular, the
average speed estimation errors on the elevated road or
highway are higher than that on the local road (e.g. in
Shanghai, the average error of the offline and online speed
estimation is 1:1 and 2:0 km/h respectively on local roads,
but it is up to 2:7 and 4:0 km/h respectively on the elevated
road). This is because there are less reference points on the

Fig. 21. Areas covered by our experiments in two cities marked by
different colors including red, purple, and green to represent different
regions and types of roads in urban environments.

Fig. 22. The average estimation error of the vehicle speed in Shanghai and Manhattan.
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elevated road and highway than those on local road. How-
ever, the average estimation error on elevated road and
highway is still lower than that of GPS. Further, for GPS, we
can observe the average estimation error on local road is
higher than the error on highway due to the urban canyon
environment (i.e., local road) causes lower GPS availability
and accuracy.

Finally, we find that the period of day and various dis-
tricts slightly affect the estimation accuracy. The average
estimation error at the peak time in financial district is
slightly lower than at the off-peak time in living district
respectively. It is the heavy traffic that causes more stops
and increases the density of stops. Since only the density
of stops is affected by traffic, overall performance of Sen-
Speed is not affected evidently by various districts and
the period of day.

6.4 Impact of Reference Points Density

Our accurate vehicle speed estimation is built upon the
identified reference points (i.e., turns, stops, and uneven
road surfaces) from the natural driving conditions. We thus
first statistically analysis the reference point density in
urban environments using all the data collected in these
two cities. The details are presented in Table 1.

Our overall observation from Table 1 is that the reference
point is very dense in both Shanghai and Manhattan. For
local road, there are about six reference points per km (rps/
km) in Shanghai and around 7 rps/km in Manhattan.
Whereas we have about 3 rps/km on elevated road in
Shanghai and about 6 rps/km on highway of Manhattan on
average. Further, we find that the density of reference
points is affected by road types and period of day. Specifi-
cally, the density of stops nearly doubled on peak time in
both Shanghai and Manhattan due to different traffic condi-
tions. And the density of turns and stops on the local road is
much higher than that on highway or elevated road. More-
over, one surprising finding is that the density of uneven
road surfaces on highway or elevated road is much higher
than that on local road. This is because highway and ele-
vated road have lots of road joints which causes high
density of uneven road surfaces. Due to the density of turns
and uneven road surfaces only depends on the travel path,
there is no density difference of these two types between
peak-time and off-peak time periods.

To further evaluate the accuracy and robustness of
SenSpeed, we analyze the speed estimation errors using

different percentages of reference points and compare the
estimated speed with the ground truth from OBD-II.

Fig. 23 shows the CDF of the speed estimation errors
using different percentages (i.e., 25, 50, 75 and 100 percent)
of reference points. As we have seen, we can always get
high accurate speed estimations for the offline speed estima-
tion regardless how many percent of reference points are
used. For example, 80 percent of estimation errors are lower
than 1:9 km/h if all reference points are used for the offline
speed estimation, and the accuracy shows no obvious
change when reference points are reduced from 100 to
25 percent. For the online speed estimation, 80 percent of
estimation errors are lower than 3:9 km/h if all reference
points are used, and also the accuracy shows no obvious
change when reference points are reduced from 100 to
50 percent. Even if the reference points are reduced to 25,
65 percent of estimation errors are still lower than 3:7 km/
h. Thus, the proposed online speed estimation is highly
accurate and robust to different densities of reference points
in urban environments. Although the accuracy of SenSpeed
is affected by the density of reference points, excessive refer-
ence points do not contribute much to the estimation accu-
racy. For example, in the online speed estimation, the speed
estimation errors using 50 percent reference points are very
close to the estimation errors using 100 percent reference
points. Thus, SenSpeed is robust when facing a decline of
reference point density in urban environments.

Meanwhile, we compare SenSpeed with GPS and
Derivative Dynamic Time Warping [10]. From Fig. 23, it
can be seen that SenSpeed significantly outperforms
DDTW in both offline and the online speed estimation.
Compared with GPS, SenSpeed still has a higher accu-
racy. For example, 80 percent of GPS’s estimation errors
are lower than 8 km/h. By contrast, 85 percent of
SenSpeed’s estimation errors are lower than 8 km/h only
when 25 percent of the reference points are used for the
online speed estimation.

TABLE 1
Density of Reference Points in Shanghai and Manhattan

Shanghai Manhattan

Type & Period Local
Road

Elevated
Road

Local
Road

Highway

All peak 6.81/km 3.96/km 9.05/km 5.60/km
Off-peak 5.59/km 3.06/km 7.02/km 5.58/km

Stop peak 2.67/km 1.13/km 4.12/km 0.26/km
Off-peak 1.45/km 0.23/km 2.09/km 0.24/km

Turn 2.42/km 0.19/km 1.41/km 0.13/km
uneven road
surfaces

1.72/km 2.64/km 3.52/km 5.21/km

Fig. 23. CDF of the speed estimation errors using different percentages
of reference points, i.e., 25, 50, 75, and 100 percent.

Fig. 24. CDF of the speed estimation errors using different sampling
rates, i.e., 200 Hz and frequency adaptation.
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6.5 Impact of Sensor Sampling Rate

In order to evaluate the sampling rate adaptation method of
SenSpeed, we first analyze its impact on vehicle speed esti-
mation accuracy. Fig. 24 shows the CDF of the speed estima-
tion errors using and without using the sampling rate
adaptation. It can be seen that no matter under online or off-
line environment, SenSpeed could precisely sense reference
points and estimate vehicle speed accurately with the sam-
pling rate adaptation. Compared with the highest sampling
frequency (200 Hz), the average sampling frequency of Sen-
Speed is reduced to 47:7Hz. However, the speed estimation
accuracy remains nearly unchanged, which changes from
1:05 to 1:08 km/h with offline algorithm and from 2:1 to
2:17 km/h with online algorithm. Thus, the sampling rate
adaptation method could significantly reduce sampling rate
without the degradation of speed estimation accuracy.

Next, we evaluate the impact of the sampling rate adap-
tation on power consumption by using Nexus4 with the
maximum sampling rate is 200 Hz. We collect around 500
kilometers driving traces for over eight hours on local roads
and elevated roads in Shanghai. It can be seen from Fig. 25a
that GPS has a relative large power consumption, which is
213 mW on average. Besides, SenSpeed with full sampling
rate consumes 56 and 58 mW with offline and online
algorithm, respectively. Compared with that, SenSpeed
with frequency adaptation only need power consumption
of 13mW, which is very power efficient.

In order to consider both the speed estimation accuracy
and power consumption, a novel evaluation criterion, Esti-
mation Efficiency, is proposed, i.e., EstimationEfficiency ¼
1=ðEstimationError� PowerConsumptionÞ. It can be seen
from Fig. 25b that SenSpeed with frequency adaptation
achieves the highest Estimation Efficiency, and the Estima-
tion Efficiency of GPS is the lowest.

7 CONCLUSION

In this paper, we address the problem of performing accu-
rate vehicle speed estimation in urban environments to
support pervasive vehicular applications. We employ
smartphone sensors to sense natural driving conditions to
achieve high estimation accuracy. In particular, we propose
a vehicle speed estimation system called SenSpeed to iden-
tify three useful reference points, including making turns,
vehicle stopping, and passing through uneven road surfa-
ces, to measure and eliminate the errors caused by directly
using phone’s accelerometer readings for speed estimation.
The key insight is that natural driving conditions present

unique features and can be exploited to enable accurate
real-time vehicle speed estimation. Our extensive experi-
ments driving in two different cities over one month time
period show that SenSpeed can estimate the vehicle speed
in real-time with a low average error of 2:12 km/h, while
achieving 1:21 km/h during the offline estimation.
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