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Abstract—Current mobile devices continuously estimate their
locations, allowing users to “check in”, find nearby friends
and interests, and determine routes to their destinations. While
underlying satellite, cell, and WiFi-based positioning systems
can return an accurate and meaningful position in many cases,
extending them to work energy-efficiently, particularly indoors,
remains an open problem. In this work, we study energy-efficient
and robust human-scale motion classifiers and their use in
room-grain, collaborative indoor positioning systems. Previous
work on improving energy-efficiency in positioning systems has
assumed sensor input from an energy-cheaper alternative: using
an accelerometer in lieu of GPS, for example. Unfortunately,
even these alternative sensors are not practical for everyday use
because of their own energy consumption, at least when sampled
continuously. After studying what accelerometer sampling rates
are feasible, we compare six methods for motion classification,
two of which are new. We find that the existing simple statistical
methods are not sufficiently robust with respect to different kinds
of movement and different users, because the thresholds between
movement and non-movement are too tight. In contrast we find
that the two new, more sophisticated models, one based on
Page-Hinkley statistics, and the other inspired by the Discrete
Fourier Transform, provide a clearer differentiation between
the two states. Only the Page-Hinkley-based one is as energy-
efficient as the simple statistical methods, however. Through a
WiFi geolocation system that relies on motion detection, we show
how the choice of the underlying motion classifier can have a
significant impact on user-perceived performance.

Index Terms—Motion detection, Page-Hinkley statistics, dis-
crete Fourier transform, energy efficiency, geolocation, crowd-
sourcing.

I. INTRODUCTION

Detecting and acting upon human-scale motion has many
low-level uses for mobile devices. These range from activating
power-hungry sensors that had been quiescent to notifying
applications and positioning systems that a meaningful change
has occurred. Here we study the problem of using sensor data
from an accelerometer to efficiently determine whether the
device’s user has moved “significantly,” where a significant
change would require the recomputation of the user’s position
due to a potential room change. While several pieces of
prior work have studied this problem as part of making their
positioning systems more accurate or consume less energy, we
find that the algorithms used were either quite energy-hungry
themselves or are not robust to motion from different people.
We examine how to make this human-scale motion detection
energy-cheap and handle different people, and study how

a crowd-sourced, or organic WiFi-based indoor positioning
system can benefit from a good motion detector.

The chief strategy to make positioning more energy efficient
has been to detect quiescence, or the lack of human-scale
movement, and turn off or duty-cycle the energy-hungry
sensor: GPS or WiFi depending on the positioning method
in use. If the device has a good position estimate and the
device (person) has not moved, do not do anything. More
complex strategies form hybrids of these two sensors with
others, particularly the accelerometer and cell radio, to find a
low energy cost method for the current precision requirements.
For example, if a user’s location can be constrained to roads by
having the accelerometer’s signal reveal the user is traveling
in a car, an energy-cheap cell-based position will be sufficient
for most applications [1]. We provide a new energy-efficient
and accurate method for discerning between quiescence and
movement that is applicable to any of the three main types of
positioning systems.

A second-order strategy has been to act – to change the
behavior of the positioning system – in response to human-
scale movement. For example, if the user moves (signifi-
cantly), then re-activate GPS and, in the meantime, lessen
the precision based on the range the user could have moved.
These responses to movement are typically specific to the type
of positioning system in use: satellite, cell or WiFi. Through
an implementation of our motion detector in a crowd-sourced
WiFi positioning system [2], we show several new ways to
include movement and quiescence directly into its internal
behavior, lowering energy consumption and increasing room-
grain positioning accuracy.

We first take a detailed, practical look at how make a bi-
nary classification of human-scale quiescence and movement.
While sensors like the accelerometer are considered energy
cheap, they are not that cheap: continuously sampling the
accelerometer for five minutes expends more energy than one
minute of GPS [3]. Given that the accelerometer too must be
sampled, we compare previous techniques for motion detection
against two new methods at sparse sampling rates. We find that
the methods we propose, based on Page-Hinkley statistics and
the Fourier transform, are both more accurate than previous
work, but that the Page-Hinkley method is as energy-efficient
as the previous work, while the FFT-based method is not.

Next we propose several new methods for using the output
of the binary motion classifier in a crowd-sourced WiFi
positioning system. In particular, we show how using mo-
tion can create more accurate WiFi fingerprints, and how it978-1-4673-1954-6/12/$31.00 c© 2012 IEEE
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Fig. 1. Our model of energy-efficient accelerometer-based motion classifi-
cation. Duty-cycling the accelerometer yields a short sample from which the
classification is made.

decreases the latency in showing a correct, new estimate to
users when they have moved. We also suggest how quiescence,
together with estimate confidence, can be used to passively add
reinforcing fingerprints to the crowd-sourced database.

This paper makes the following contributions:
• We show that a statistical change-detection algorithm

provides more accurate classification of motion detection
than previous methods that are based on simpler statistics,
and that it is more energy-efficient than equally accurate
FFT-based approaches.

• We examine different parameters for accelerometer duty
cycling, finding a good trade-off between energy ex-
pended and missing user movement.

• We demonstrate the importance of motion detection for
both signature creation and use within a crowd-sourced
WiFi positioning system through a multi-floor, multi-user
experiment.

The first main sections of the paper cover motion/quiescence
detection for positioning systems in general: first providing
an overview of the problem (Sec. II), then describing several
approaches to classifying the signal emerging from a duty-
cycled accelerometer, including two new methods (Sec. III).
Next, we describe the relevant components of a crowd-sourced
WiFi positioning system, focusing on how motion/quiescence
can be used. In Section V we compare the different classifiers
from Section III and quantify the end-to-end effects of using
a good motion detector in a crowd-sourced WiFi positioning
system. In Section VI we review prior related work, and in
Section VII we describe future work and conclude.

II. BACKGROUND

As prior work on motion detection has discussed [3], [4],
continuous sampling of even relatively low-power sensors like
the accelerometer is impractical for wide-spread use. People
currently tolerate charging their sensor-rich devices once per
day; we do not believe anything more frequent would be
acceptable.

We assume that the person whose movement we are detect-
ing is carrying a mobile device that contains a single triaxial
accelerometer. At low energy cost, we are trying to provide a
binary classification of whether he or she has “moved” from
one place to another. Examples of “places” include a room or
a section of a large room or a hallway. Because improving an
indoor positioning system was our main motivation for this

TABLE I
DEFINITIONS

Sampling Period Length of time accelerometer
is on (being sampled)

Off Period Length of time accelerometer is off
Duty-cycle Ratio between sampling period

and off period (e.g. 5%)
Reading r Single x, y, z output

from the device’s accelerometer
Sample r1 . . . rn ∈ s Time-ordered set of readings

from a single sampling period
Cycle Off period followed by a sampling period
Intra-reading period Time between two readings (e.g. 10 ms)
Intra-sample period Time between two samples (e.g. 5 seconds);

i.e., length of a cycle
Sliding window size Number of samples that classifier uses
Metric ρ Intermediary result from classifier
Threshold τ Motion detection threshold:

if ρ > τ , then moving

work, we examine motion at the granularity of rooms: should
the positioning system believe that the user is in a new room
(and act accordingly – e.g. update a map), or not (e.g. scan
less). However, we believe that our detection of human-scale
movement is applicable to satellite-, cell-, and outdoor WiFi-
based positioning.

We periodically sample the accelerometer: we work with
only these readings as opposed to the entire accelerometer
signal. As previous work has suggested and as we measure
in Section V-A, duty-cycling the accelerometer can lead to an
order-of-magnitude energy savings, and reduces the cost of
measurement to noise for a typical user. While sampling for
longer is more accurate (with diminishing returns), it consumes
more energy. The second aspect of energy-efficiency is the
classification algorithm itself; in Section V-C, we show that
our proposed statistical algorithm is more energy-efficient than
the other classifier we propose, while presenting equivalent
accuracy and robustness, as discussed in Section V-B.

Figure 1 depicts our model of energy-efficient
accelerometer-based motion classification, and Table I
provides relevant definitions. The accelerometer is periodically
cycled on and sampled. At the end of each sampling period,
the collected samples, optionally together with any samples
from previous cycles, are handed to a classifier. The classifier
outputs “moving” or “quiescent” to any applications that
are listening, including the localizer, which then act on this
information.

III. MOVEMENT DETECTION ALGORITHMS

Binary classification of a series of accelerometer samples
into movement or quiescence is easy when testing and training
on a single user, but hard to make robust to different patterns
of user motion. Previous work has used variations on simple
statistics, such as testing if the variance of a sample or a
series of samples is above a threshold. These methods are
energy-cheap but prone to false positives and false negatives.
After reviewing these in Section III-A, we describe two new
alternatives. The first is based on the Page-Hinkley statistical
test [5], while the second uses the Discrete Fourier Trans-
form (DFT) [6]. These are shown to significantly outperform
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previous methods, in particular, providing greater robustness to
different kinds of movement from different users. In our eval-
uation, we show that, while the Page-Hinkley-based method
is roughly equivalent to previous work in terms of energy
consumption, the DFT-based method (perhaps unsurprisingly)
consumes more energy.

A. Detection using Simple Statistics

Much prior work has studied accelerometer-based gait
detection (e.g. [7]), and these algorithms could be applied
to binary motion detection. However, the motion detection
problem is simpler, and consequently should be less energy
demanding.

The work by Shafer and Chang [8], Kim et al. [4], and
Wang et al. [9], provide the basis for four motion detection
variations using simple statistics. As Table I showed, all meth-
ods, including our own, produce an intermediate result ρ which
is then tested against an empirically-determined threshold τ .
“Motion” is emitted when ρ > τ ; “quiescence” when not.

Shafer and Chang’s detector, which we call M-SumVar, is
based on the sum of the unbiased variances of the readings
from each axis:

Var(m1..mN ) =

∑N
i=1m

2
i − 1

N

(∑N
i=1mi

)2
N − 1

(1)

ρ = Var(x1..xN ) + Var(y1..yN ) + Var(z1..zN )

The detectors from Kim et al. and Wang et al. first compute
the magnitude of each reading to tolerate random orientations
of the device, merging the three axes. Using a method we call
M-Std, Wang et al. then define their metric ρ to be the standard
deviation of the series of readings that constitute the sample
under test (Note that Kothari et al. [10] also use M-Std).

Instead of the standard deviation, Kim et al. use the vari-
ance; we call their method M-Var. To include more information
from the past, Kim et al. extend their metric to include a time
window of samples. Because this extension could be applied
to any of the approaches, we treat the use of a time-series of
samples as a separate, orthogonal option that could be applied
to any algorithm.

Intuitively, a fourth metric could be derived: the use of the
sum of the standard deviations given by the three axes, which
we will refer to as M-SumStd.

To the best of our knowledge, no empirical comparison has
justified using one metric or another, including in the papers
themselves. These four metrics will be used as baseline for
empirical comparison, together with the two new methods
which we discuss next.

B. Page-Hinkley Change-detection Statistics

Given a series of observations o1, . . . , o`, a frequently asked
question is whether they come from the same distribution (null
hypothesis) or not (change hypothesis). In this paper, we pro-
pose to tackle the accelerometer-based motion detection task
as a change-detection problem: given a series of accelerometer
readings (e.g., all the readings from a given cycle), has the

situation changed, i.e., has it switched from the moving to the
stationary state, or vice-versa?

A standard test for detecting change is the Page-Hinkley
(PH) statistic [5], which has been used in contexts such
as parameter adaptation in evolutionary algorithms [11] and
online learning for dynamic optimization [12]. As in our
previous statistics, at time t, PH outputs a metric ρ given a
stream of observations (o1, . . . o`):

ō` = 1
`

∑`
i=1 oi

mt =
∑t

`=1(o` − ō`)
Mt = arg max`=1...t{|m`|}
ρ = Mt − |mt|

(2)

When the metric ρ is greater than some user-specified thresh-
old τ , the PH test states that the change hypothesis holds.
While PH is generally more robust than the simpler statistics
(and continuous to be in the case of motion detection), it is
composed of sets of simple computations and is efficient to
compute.

PH can be directly applied to the binary motion/quiescence
problem with a few refinements. Unlike typical uses of PH,
we do not accumulate observations until a change is detected.
Instead, we reset the internal variables with each sample.
Second, to accentuate the difference between motion and
quiescence, we take the square root of Mt−|mt| as ρ. Lastly,
as in Kim et al. and Wang et al., we use the magnitudes of
the readings as our observations in order to tolerate random
device orientations. When the device is stationary, the metric
will be close to zero; when the device is moving, the metric
is above a positive threshold. As in the simpler statistics, the
only parameter that needs training is the threshold τ .

C. Detection using the Discrete Fourier Transform

The Fourier Transform transforms one function into another,
where, for historical reasons, one form is called “frequency
domain” and the other the “time domain” (see Lyons [13]).
The Fourier Transform, and its discrete analogue, the Discrete
Fourier Transform (DFT), are widely employed in signal pro-
cessing and related fields to analyze the frequencies contained
in a sampled signal, to solve partial differential equations,
and to perform other operations such as convolutions or
multiplying large integers. The transform has gained wide use
because it can be computed efficiently in practice [6]. While
Mostayed et al. [14] have used the DFT to study abnormal
gaits, to the best of our knowledge, there is no previous work
applying the Fourier Transform to binary motion classification,
a problem for which it seems well suited.

For our classification problem, a DFT analysis can be
applied directly to the accelerometer samples as follows. When
the device is stationary, the most meaningful acceleration
component is due to gravity, i.e. static acceleration. As gravity
is a non-periodic field, its transform brings us a concentrated
energy around the center frequency – close to 0 Hz. When
the device is moving, the acceleration components are due to
both gravity and the person’s movement, i.e. dynamic accel-
eration. Because walking is a periodic motion, the transform
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of the acceleration magnitude samples provides us with other
low frequency components with meaningful energy: the total
energy into the DFT window is increased when the device is
moving compared to when it is static. With this in mind, our
DFT-based motion detection model evaluates if there is enough
energy produced by movement during the DFT window and
then classifies if the user’s device is moving or not:

Āf = DFT
[
Āxyz

]
e =

∑n
i=1 Āf (i)

ρ =
√
e

(3)

where each DFT window (Āf ) is generated from the series of
n accelerometer magnitudes Āxyz within the same sampling
period and e quantifies the amount of energy inside the DFT
window. When the metric ρ is greater than some user-specified
energy threshold τ , the DFT-based motion classification states
that the user’s device is moving, otherwise it is not.

IV. USING MOTION IN ORGANIC LOCALIZATION

While methods for detecting human-scale motion can be
applied to the three main types of positioning systems –
satellite, cell, and WiFi – techniques for using the result of
that detection are typically more specific. Here we review
a WiFi positioning system called Molé [2], and describe
several techniques that use motion within it to improve energy-
efficiency and accuracy. While we describe these techniques
within the context of Molé, most generalize to other (non-
crowd-sourced) commercial and academic WiFi positioning
systems [15]–[17].

Molé is part of a new class of “organic” WiFi positioning
systems that, unlike earlier work, rely on end-users as survey-
ors [18]–[21]. These systems crowd-source WiFi fingerprints,
building up a database that is shared across users. While
commercial surveys are often more appropriate for managed
spaces, such as airports and malls, the authors of this class of
work argue that relying on end-users for fingerprint creation
and maintenance is perhaps the only route to extend localiza-
tion across the “long tail,” into people’s homes, offices, and
other less populated, more private spaces.

As in other organic WiFi positioning system, Molé tries to
grow an accurate database of fingerprints. Each fingerprint is
a link between radio beacon information that helps uniquely
describe a space and a human-understandable label for that
space. While some systems in this class use grid points, Molé
aims for room-level granularity: its finest level of detail is a
room. At any time, a user can add a fingerprint to the shared
database, a process called “binding.” A bind can either create
a new space or add reinforcing fingerprint data to an existing
one.

Molé estimates the position of the device using a variable-
sized fingerprint: the last k WiFi scans are stored in a
FIFO queue. Because a larger number of scans yield better
accuracy [16], Molé seeks to collect long sets of scans. The
problem with this approach is that, when walking from one
room to another, some WiFi scans from the previous room
might still be found in the queue, consequently perturbing
the fingerprint used for the current position estimate. This

can result in a delay while the old scans slowly exit the
queue. Previous work using Molé showed that by truncating
the scan queue in response to movement, this delay could be
eliminated [2].

While using old scans can delay an update for one user, it
can also have a more detrimental effect that affects many: bind
pollution. It is important that the WiFi scans that make up the
fingerprint actually come from the labeled space; otherwise
these “polluting” binds will affect accuracy in and nearby that
space for all users until several corrections have been made.
Interestingly, the same mechanism that lowers update latency
also stops bind pollution. When a user first enters a room,
old scans in the queue have been dropped: only radio beacon
information collected in the intended room becomes a part of
the bound fingerprint. We show that by using a high quality
motion detector, update latency is low and the shared database
becomes populated reliably, allowing a crowd-sourced location
system to grow rapidly.

V. EVALUATION

We examine practical sampling rates, the efficacy of the
motion detection algorithms using these rates, and the end-to-
end impact of using motion detection within a crowd-sourced
WiFi positioning system:

• We show the effect of duty cycling the accelerometer and
find that any rate beyond ≈ 5% has a significant effect
on overall battery life (§ V-A);

• Using 20 subjects, we compare the accuracy and ro-
bustness of the proposed and the baseline motion de-
tection algorithms when trained and tested on different
people (§ V-B);

• We analyze the energy expenditure of the algorithms,
leading us to select PH as best overall (§ V-C).

• We show the overall effect of using a high quality motion
detector in a multi-floor crowd-sourcing scenario (§ V-D).

A. Efficient Accelerometer Sampling

We were concerned both with the energy consumption of the
motion detection algorithms and with the sampling required
to supply those algorithms with data. Here we examine what
sampling rates are practical for day-to-day use. To the best
of our knowledge, previous work has either assumed that
sampling the accelerometer continuously is acceptable or
supplied a sampling rate without examining its long term
effect. While it may be possible to make other trade-offs with
respect to sampling – for example, simply turning off detection
for extended periods – the following experiments provide a
conservative estimate on the energy required to sample the
accelerometer at various rates.

To test the long-term effect of accelerometer sampling, we
examined two dimensions of the problem: (a) the energy cost
of different but proportional rates of sampling and (b) the
cost of different duty cycles. If the answer to question (a)
was that there was a high cost to activating and deactivating
the accelerometer, then only sampling rates with long periods
would be acceptable.
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Fig. 2. Short, repeated samples have only a marginal effect on overall
battery lifetime for a mobile device. In contrast, continuously sampling the
accelerometer adversely affects device lifetimes.

We developed a simple program that turned on and sampled
and then turned off the accelerometer repeatedly, at whatever
durations were specified. These durations correspond to the
accelerometer sampling “on” and “off” durations in Figure 1.
We fully charged a set of identical mobile phones, Nokia
N900s, and ran our test program with different parameters
for at least 24 hours on each device. All user applications and
communications were switched off and each device started
with at least a 95% full battery, according to our energy-
level detector. To account for non-linear power drain, the data
are averages across three devices. The program sampled the
fraction of battery remaining at one minute intervals.

To compare the effect of different but proportional rates, we
set on/off durations to 0.25/1.25, 0.5/2.5, and 1.0/5.0 seconds
(i.e., all 20% of the time on). The results agree with Eberle
and Perrucci [22], which used different devices. At sampling
rates on the order of seconds and fractions of second (≈ 5−
1
5Hz), there is no noticeable difference between these rates.
This means that the only consideration from above that we
need to take care of is (b), the duty cycle ratio.

We used the same simple program to collect data on the
long term battery consumption effects of different duty cycle
ratios. The data from this experiment is depicted in Figure 2,
which shows that, while never cycling on the accelerometer
uses the least energy (as one would assume), only sampling at
a rate of 5% only consumes marginally more energy. In this
experiment specifically, we sampled for 250ms per every five
seconds for the 5% rate. We selected five seconds because it
appeared to be the upper limit on catching a short movement
between offices or adjacent rooms, for example. We confirmed
this experiments and the proportionality one through repeated
trials.

An alternative to duty cycling is to explicitly set the rate of
the accelerometer sampling to be slower. However, a back-
of-the-envelope calculation shows that a low duty-cycling
approach produces, in general, a per-sample cost lower than
using a slower accelerometer sampling at full duty cycle
(always on). According to a datasheet from a mobile handset
accelerometer manufacturer [23], the consumption rate (in

terms of drained electrical current from the battery) and the
sampling rate are related in a non-linear way. For instance, at
a rate of 4 Hz, the consumption rate is about 44 µA, while
for 120 Hz, the corresponding rate is 294 µA. Assuming two
approaches, (1) duty-cycle of 5% at 120 Hz and (2) duty-cycle
of 100% at 4 Hz to be running over a five seconds cycle,
we obtain an energy saving of around 73% using the first
approach, while collecting a higher number of observations
(30, versus 20 for the first approach).

B. Detection Accuracy and Robustness

With these low duty cycles in mind, we wanted to study
the detection accuracy and robustness of the six algorithms
we described in Section III. In particular, given our larger
goal of designing an energy-efficient motion detector that
would work well for many people, we wanted to ensure that
detectors trained on only a few people would be robust enough
for testing on a much larger group of different people. To
perform this evaluation, we collected a motion trace from
twenty volunteers, found a quiescence/moving threshold τ for
each method, and compared the algorithms across users.

1) Data Collection: Each of our twenty volunteers was
given a mobile device (Nokia N900) which continuously
logged accelerometer data. They were asked to follow a
pre-specified “track,” represented by the red dashed line in
Figure 3, and to stop for approximately five seconds at each
checkpoint, represented by the black squares. We selected
the checkpoints to create many different durations of motion
because we wanted to ensure it was correctly detected over
longer or shorter periods. Each user took approximately five
minutes to walk the track. It comprised many different situ-
ations one would face in an office-like environment, such as
walking to a neighboring office, walking a few offices away
or around the entire lab, and going up and down stairs.

While walking though the track, the volunteers were asked
to carry and manipulate the device as naturally and realistically
as possible. For instance, some exclusively held the device in
their hands, some simply put the device into their pocket, while
others used it for calls and games. A researcher followed each
volunteer with a second time-synchronized device to log each
time the volunteer switched between quiescent and moving
states. The acceleration data from the volunteer’s device and
the motion-state labels from the second device were merged
offline for evaluation.

Twenty volunteers had their motion logged in this way.
Figure 4 illustrates the accelerometer readings from one volun-
teer. The variation in the readings during the different motion
periods portray how differently a single person could handle
the phone and walk in different ways during the course of the
experiment.

We had one particularly interesting choice on how to handle
human imprecision in the data collection. As the ground-truth
timestamp is registered with a precision of milliseconds, there
is always a slight positive or negative error from when the
volunteer switched from one state to another and when the
researcher logged his or her state as switching. Though we
considered alleviating these labeling errors by cutting off a few
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(a) Lab A Third Floor Map (b) Lab A Second Floor Map

Fig. 3. Plan of the rooms of Lab A. The red dashed line shows the track used for the collection of motion data used for the empirical comparison of the
motion detection algorithms, with the black squares representing the checkpoints where the volunteers should stop for a few seconds. The labeled rooms (e.g.,
R1) were used in the experiments with the indoor positioning system, which will be discussed later in the paper.
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milliseconds before and after each state transition, we decided
not to do so as the same data was used for all the methods. In
practice, this means that the real detection accuracy of all the
methods should be higher than what will be presented next.

2) Threshold Definition: Because we do not anticipate
any per-user active learning refinement of the walk detection
thresholds, we simply used an offline brute force method to
find the optimal threshold for each user/algorithm combina-
tion. We first ran the given algorithm on each log, producing
a ρ for each sample. This set of ρ values defined the possible
range for optimal thresholds. We discretized the range for the
metric into n possible thresholds (n = 500). These values
were tested one by one, and the threshold value achieving the
highest accuracy was tracked. In case there was a range of
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Fig. 5. Cumulative Distribution Function (CDF) of the accuracy of the
motion detection algorithms when training (i.e., defining the threshold) with
the data from one volunteer and testing on the remaining nineteen. The data
show that PH and DFT are more robust to differences in people’s movement
styles, resulting in much lower misclassification rates for the hardest 20% of
cases. Because each group of PH/DFT and VAR/STD/M-Var/M-Std had very
similar performance, we illustrate each set as a single line for clarity.

values achieving exactly the same accuracy level, the mean
value within this range was used.

3) Robustness: The motion detection methods need to be
robust enough in order to work well for many different users
under very diverse moving situations, without needing to have
its threshold “tuned” for every new user or situation. Motivated
by this assumption, we trained the algorithm’s threshold over a
single log file and then tested it on the 19 remaining log files.
This procedure was done iteratively for each logfile, generating
a total of 380 accuracy measures (20×(1 training-file × 19
test-files)). The result from each test is the fraction of samples
correctly classified when compared to the ground truth for that
same time period.
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TABLE II
RELATIVE ENERGY COST OF MOTION DETECTION ALGORITHMS

Method Avg. Time (hours) Pct. Reduction
in Battery Lifetime

M-Std 19.94± 1.35 0%
M-Var 19.31± 1.30 3.17%

PH 19.26± 0.49 3.41%
DFT 16.52± 2.72 17.18%

Figure 5 shows the cumulative distribution for these 380
tests. The data show that PH and DFT have similar level of
accuracy, outperforming the baseline methods in at least 20%
of the cases (i.e., 76 out of the 380 cases) and presenting
similar performance otherwise. In addition, for PH, the worst
accuracy obtained over all the cases was of around 78%, and
for DFT around 70%, while the baseline methods obtained
accuracies equivalent to a random choice.

C. Energy Efficiency

Both PH and DFT-based proposed algorithms were shown
to outperform the baseline methods in terms of both accuracy
and robustness. This is only meaningful, however, if they are
found to be energy efficient, i.e., if their use does not hinder
the battery lifetime of the mobile device they are running on.

To test this, we left each of the motion detection algorithms
running independently on four Nokia N900 devices, which
initially had their battery fully charged. The accelerometer
readings were processed at the pre-specified duty-cycle ratio,
with the accelerometer turned on for 0.25 seconds every 5
seconds (collecting about 25 reading for each sample). Both
the time and the current battery capacity were logged every
time there was a change in the latter. M-SumStd and M-
SumVar were omitted because we assumed that they would
have approximately the same energy consumption profiles as
their no-summing counterparts, M-Std and M-Var respectively.
We collected data from each device for 24 hours. In Table II,
we show how many hours each of the algorithms took on av-
erage to drain 15% of battery while processing accelerometer
readings at the pre-defined sampling rate (0.25 secs sampling
every 5 secs) with each of the motion detection methods.
The Percentage Reduction column shows the loss in terms of
energy efficiency when compared to the method that consumes
the less energy in average, M-Std.

The data show that PH, although significantly outperforming
M-Std and M-Var in terms of motion detection robustness, is
highly comparable in terms of energy consumption. Indeed,
these three methods present a very similar energy usage, drain-
ing 15% of battery after around 19 hours in average. The DFT-
based method is much energy-hungrier, as expected, given
the well-known high computational cost of computing the
corresponding Fourier transform: in average, it takes around
16.5 hours to use 15% of battery, with a standard deviation as
high as 2.7 hours. We conclude from these two experiments
that PH is the preferred motion detection algorithm out of the
six under consideration.

D. Using Motion Detection in Crowd-sourced Indoor Local-
ization

We wanted to evaluate how motion detection could impact
the end-to-end room-level accuracy of a crowd-sourced WiFi
positioning system. As crowd-sourcing of location data comes
into wider use, it is important for end-users to provide high
quality data and for them to find the system useful enough for
them to want to contribute further.

We described how Molé truncates its time series of scans
in response to movement in Section IV. Without motion
detection, we conjectured that users would walk into a space,
observe an incorrect estimate and make a bind. Unfortunately,
the scans that would then make up that bind would erroneously
be from where the user had been, not from where he or she
was now, a problem we call “bind pollution.”

Here we show how this use of motion detection can have
a large effect on overall user-visible performance through
a crowd-sourcing experiment. We recruited three volunteers
to use Molé in a two story lab with twenty rooms. The
volunteers then surveyed the two floors for fourty minutes,
splitting their time about 75/25 across the third and second
floors, respectively (see Figure 3). Two N900 tablets attached
to a clipboard were given to each volunteer. One tablet was
running Molé with motion detection disabled and the second
ran a Page-Hinkley-based motion detector as described in
Section III-B. The three tablets without motion detection
pointed to one shared fingerprint database and the three with
it pointed to a second, completely separate, one. In this way,
we could ensure that each pair of tablets were subjected to
nearly identical orientations, displacements, and radio beacon
information, and that they were in the same rooms at the
same time for the same duration. Before giving the tablets
to the volunteers, we performed one bind in Room #1 on the
two empty databases. In effect, this initialized the namespace
labels (e.g. building, floor, room) on all of the tablets so the
volunteers would only need to edit the floor number and the
room label. They were given instructions to walk from room
to room, editing the estimate when it was wrong or confirming
when it was correct. They were told to wait up to 30 seconds
(three scans) before making a confirmation of its correctness
or creating an edit when it was wrong.

Figure 6 shows how coverage and spot-on hit rates changed
for the two approaches during the experiment. We calculated
hit rates as a ten minute moving average of spot-on accuracy
(i.e. when the volunteer confirmed the estimate); this included
the first bind for each room which is, by definition, an incorrect
estimate. By using the Page-Hinkley-based motion detection
for cleaning the scan queue, Molé was able to converge to
100% accuracy once the whole lab was covered. When no
motion detection was used, the scan queue became polluted,
so the estimates and contributions were sullied by scans from
previously visited rooms. Due to these factors, the spot-on hit
rate for the tablets without motion detection was always below
40%.

Beyond the larger quantitative result, the experiment con-
tains two other interesting aspects. First, for both systems, the
spot-on hit rate decreased from 15 minutes to 18 minutes.
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Fig. 6. Three volunteers surveyed a two story lab with twenty rooms. By
using the Page-Hinkley-based motion detection for cleaning the scan queue,
Molé was able to converge to 100% accuracy once the whole lab was covered.

During this time, the volunteers visited rooms #7, #8 and #9.
These rooms are small (≈ 5.6m2) and very close to each
other (see Figure 3), with thin plaster walls and glass doors,
a situation where WiFi positioning typically has difficulty.
Second, all of our volunteers stated that the motion detection
was qualitatively superior to their previous experience with
Molé, which had used one of the simple statistical detectors.
Previously they complained that they often had to vigorously
shake the device to have it detect motion, while now they said
they did not notice any false positives or negatives.

E. Discussion

The PH-based algorithm is a significant improvement over
existing motion detection algorithms in terms of accuracy
and robustness (§ V-B), while consuming a similar amount
of energy (§ V-C). The DFT-based algorithm was found to
be equally accurate and robust, but the high computational
cost associated with the computation of the Fourier transform
makes it less preferable.

The power of the PH-based motion detection algorithm
makes many other improvements in indoor positioning systems
possible. As with previous work on using GPS only when
necessary (e.g. Jigsaw [24]), motion-based strategies can make
Molé and others like it more energy-efficient. For example,
we observed that the instance using the detector was correctly
recognizing each room after 1-3 scans once the person stopped
moving. During the experiment, there were five quiescent pe-
riods with approximately eleven WiFi scans each. By limiting
the number of scans per quiescent period to three, 40 out
of 55 scans would not have been done, i.e., a reduction on
the order of 72%, without compromising the accuracy level.
Assuming that each WiFi scan costs around 800 mW for a
similar mobile device [22], and that this part of the experiment
took 15 minutes in total, the use of this simple motion-based
strategy would have reduced energy consumption from 200
mWh to 56 mWh.

Another very useful application that we leave as future work
is what we refer to as automatic binding. By using the (often
long) periods that people stay in office-like environments as

a trickle of scans that can be added to an existing fingerprint,
the shared database can be improved and maintained over
time. This could be done by periodically sending “implicit”
binds to the server, once a given level of confidence about the
current position estimate (or a pre-defined number of scans) is
achieved, without any user intervention. Such a strategy would
still be more energy-efficient than the current one, as the scans
could be done at a much slower rate (e.g., once per minute).

Interestingly, previous work (e.g. Kim et al. [4]) suggested
using sliding windows of samples, in order to introduce more
readings into the motion detection classifier. Depending on
how the window is used, this would mean, for example,
that motion is classified based on a moving average of the
last n sampling periods. After some preliminary experiments,
however, we found that the use of sliding windows simply
delayed the onset of motion detection and quiescence without
improving accuracy, consequently degrading its overall perfor-
mance. For this reason, we would discourage its use in this
context.

VI. RELATED WORK

We have focused on classifying the movement or quiescence
of users of crowd-sourced WiFi positioning systems and on
using this aspect of their state to change system behavior. Work
related to this topic can be divided into three categories: (1)
different motion detection techniques, which we described in
Section III-A, (2) using motion in indoor positioning, and (3)
minimizing energy use in positioning systems more generally.

Several pieces of prior work have explored how to augment
indoor positioning systems with accelerometer-based motion
detectors. You et al. [25] and Shafer and Chang [8] vary
the scan rate in response to motion, trading off accuracy and
energy use. Both choose to increase scanning rates in response
to movement: You et al. do it in proportion to velocity, while
Shafer and Chang take a more binary approach, rapidly collect-
ing many scans when movement is detected. Both of these ap-
proaches are problematic when considered in the larger context
of a user transitioning from indoor positioning, where room
grain granularity (or finer) is desired, to walking outdoors or
taking other forms of transportation. Both approaches would
scan very rapidly – draining the battery – when the user was
in a car, for example. Instead we suggest that, after a given
velocity, the device should switch to a different positioning
method (e.g. cell- or GPS-based), depending on the required
accuracy. Kim et al. [4] also use motion detection to save
energy: when quiescence is detected and a threshold number
of scans has been collected, they stop scanning entirely (We
referred to their motion detection algorithm as M-Var). Barring
collecting background scans for automatic binding (§ V-E), we
concur with this strategy. However, Kim et al. only duty cycle
the accelerometer at 50%, which severely shortens battery
life (§ V-A), and their motion detection algorithm performs
poorly compared to Page-Hinkley (§ V-B).

In addition to reducing energy usage, prior work has di-
rectly connected users’ movements to the location estimate
and fingerprint database. You et al. [25] and Gaedeke et
al. [26] update the current estimate with sensor-based dead
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reckoning. This allows the good estimate formed when the
user is stationary to be the basis for a new mobile one.
This technique is complementary to our motion-based scan
list truncation and growth (§ IV): a quiescent device would
build up a good estimate based on many scans, which could
then be assisted with dead reckoning when the user moved.
Bolliger et al. [21] collect scans from long quiescent periods
and allow end-users to bind a name to them retroactively
(“Where were you from 9-10am?”). In Section V-E, we
discussed how estimate confidence, together with quiescence,
could be used to automatically reinforce binds that had been
made previously.

While we focus on detecting motion using accelerometers
in the context of WiFi-based indoor positioning systems,
Muthukrishnan et al. [27] and Krumm and Horvitz [28] have
instead used variation in the WiFi signals themselves to detect
motion. Intuitively this seems like a reasonable approach: since
the RSSI values are already available, could they not be used
for this purpose as well? Muthukrishnan et al., whose work
builds on Krumm and Horvitz, do show that at high sampling
rates WiFi can be used to detect motion. In Muthukrishnan et
al., the authors scan every four seconds and base their detection
algorithm both on variation in RSSI values from a given
access point and on variation in the number of access points
sensed: more variation suggests motion. Unfortunately these
high scans rates are incompatible with the goal of putting
the energy-consuming location system into a quiescent state;
without frequent WiFi scans, it seems challenging to use them
to detect motion. In defense of this approach, this work was
done before most handheld devices contained accelerometers,
making it more applicable for its time.

Another main body of work has examined minimizing
energy use in positioning systems in general, typically trading
off applications’ requirements for the precision of GPS against
battery life. Researchers have taken several variations on this
theme of balancing between the expenditure and precision
of positioning sensors (e.g. GPS vs. GSM) and motion de-
tection ones (e.g. accelerometer [29] [24], microphone [9],
cameras [30]). For example, EnTracked estimates the speed
of the user with an accelerometer and duty cycles the GPS
accordingly [31]. Because it monitors the accelerometer con-
tinuously and uses a motion detection scheme similar to M-
Var, EnTracked would benefit from several of the techniques
proposed in this paper. RAPS [3] improves on EnTracked in
several ways, including duty-cycling the accelerometer and
measuring the user’s velocity to activate the GPS only if the
estimation confidence drops below a desired threshold.

VII. CONCLUSION

This paper examined energy-efficient binary human-scale
quiescence/movement classification and its use in position-
ing systems. We compared four classifiers based on sim-
ple statistics to two new ones in terms of energy-efficiency
and robustness. We first explored practical rates for getting
accelerometer input into these classifiers, finding that only
a low duty cycle was acceptable. Next, we considered the
accuracy and robustness of the six classifiers using data from

twenty subjects. We found that the two classifiers we proposed,
one based on Page-Hinkley statistics and the other on the
Fourier transform, were the most robust of the six when
trained and tested on different users. We also compared the
classifiers in terms of energy-efficiency and found that the five
statistical ones were comparable, but that the Fourier transform
one was more energy intensive. In our final experiment, we
showed the macro-level effects of using motion detection in a
WiFi positioning system, finding that a crowd-sourced system
without motion detection (and, therefore, with bind pollution)
had far lower accuracy than one with a detector. We also
discussed how quiescence, together with estimate confidence,
could be used to passively add reinforcing fingerprints to the
crowd-sourced database, and how sliding windows of samples,
while used in previous work, actually delay motion detection
without increasing accuracy.
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and R. Vieira, “Molé: a Large-Scale, User-Generated Positioning En-
gine,” in International Conference on Indoor Positioning and indoor
navigation (IPIN), Guimarães, Portugal, 2011.
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