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Abstract—Boundary detection is a form of location-aware services that aims at detecting targets crossing certain critical regions.

Typically, a lower location sampling rate contributes to a lower level of energy consumption but, in the meantime, delays the detection

of boundary crossing events. Opting to enable energy-efficient boundary detection services, we propose a mobility-aware mechanism

that adapts the location sampling rate to the target mobility. Results from our simulations and live experiments confirm that the

proposed adaptive sampling mechanism is effective. In particular, when experimented with realistic errors measured from a live

radio-frequency-based localization system, the energy consumption can be reduced significantly to 20 percent.

Index Terms—Boundary detection, energy efficiency, indoor localization.

Ç

1 INTRODUCTION

LOCATION-AWARE applications [1] are coming of age and to
be realized in many everyday scenarios, for instance,

asset tracking in warehouses, patient monitoring in medical
facilities, and household management at home. These
applications typically provide different types or levels of
services based on the location information, supplied by
localization systems. Much recent localization research [2],
[3], [4], [5] concentrates on improving the accuracy of
pinpointing the physical location of the target.

In this work, we focus on a class of location services that
aims at detecting the crossing of boundaries, instead of
tracking mobile targets constantly. For example, enemy tanks
crossing the border line, expensive jewelries exiting the shop,
or young children entering the balcony. These services do
require as early detection of the target crossing boundaries as
possible. That is, the users would prefer being notified of the
boundary crossing events before the target goes too far into
the critical region. Frequent sampling of the location
information is typically the solution to allow accurate
detection of the boundary crossing events.

However, energy efficiency of the mobile units,
typically small, battery-powered tags or badges for better

wearability, attached to the tracked target is essential to
the usability of the system. The energy consumption of a
mobile unit is proportional to the sampling rate of the
location information—the rate at which the localization
infrastructure and its counterpart mobile units are
triggered to perform the necessary communication and
computation.

The dilemma with fixed-rate sampling is that the
sampling rate can be set high to provide real-time location
information, but when the target is far from the critical
region where the timely service requirement is not as high,
the high sampling rate will be unnecessary and there is no
need for such waste of energy. Aiming at improving the
energy efficiency and boundary detection accuracy at the
same time, we propose an adaptive location information
sampling mechanism based on the location and predicted
mobility of the target.

Given the critical region to watch closely from the
application, the mechanism controls the rate the localization
system is triggered to acquire location information. When
the target moves fast or close to the critical region, the
sampling rate increases to enable accurate detection of the
target entering the critical region. When the target slows
down or moves away from the critical region, the sampling
rate decreases to conserve energy. This mobility-aware
adaptive sampling mechanism can be coupled with general
radio-frequency (RF)-based localization systems and the
integrated mobility-aware localization systems can work
transparently for boundary-detection applications. The
system architecture and interfaces are depicted in Fig. 1.

We propose two adaptive location sampling schemes for
effective and energy-efficient detection of boundary cross-
ing events. In the basic scheme, the system assumes the
target is moving in constant speeds in between two location
readings and estimates the velocity by two recent location
samples. The estimated velocity is used to approximate the
time the target will come near the boundary, which is used
to wake the tag up to acquire the location information. In
the extended scheme, the mobile tag incorporates a low-
power accelerometer to detect sudden changes of motion
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which relaxes the constant-speed assumption in the basic
scheme. It allows the tag to stay off when the target is in a
stationary state and to quickly reestimate the target’s
velocity when there are sudden movement changes.

We evaluate the mobility-aware adaptive sampling
mechanism by simulations and live experiments. The first
set of simulations, assuming no localization error, demon-
strates the full potential of mobility-aware sampling to
fixed-rate sampling. The second set, applying measured
localization error from RF-based localization systems,
shows that the benefit of mobility-aware sampling,
although still significant, is compromised by localization
errors. The mobility-aware adaptive sampling mechanism
reduces energy consumption to 5 percent in the without-
location-error case and 20 percent in the with-location-error
case. The live tests echo the simulation results.

Our contribution is twofold. First of all, we propose a
mobility-aware adaptive sampling enhancement for bound-
ary detection in RF-based localization systems. Similar ideas
of trading location fidelity for better energy efficiency have
also been proposed in other localization systems [6], [7].
These works will further be discussed in Section 5. Second,
with experiments, we validate that the mechanism is able to
improve the energy efficiency when maintaining the
boundary detection error at the same level.

The remainder of this paper is structured as follows:
Section 2 gives an overview of the mobility-aware adaptive
sampling mechanism. The mechanism is shown promising
with thorough simulations in Section 3. Section 4 describes

our implementation and the results from the live tests. In
Section 5, we review the work in localization and mobile
systems that are relevant to this study. And finally, we
conclude and outline the work to pursue in the future.

2 MOBILITY-AWARE SAMPLING MECHANISM

The objective of the adaptive sampling mechanism is to
sample right on the time the target coming to the critical
point as illustrated in Fig. 2a. The key to capture the time
the target comes near the critical region is the accuracy of
predicting the mobility of the dynamic target. We present,
in this section, the two schemes used to predict the target
mobility. Assuming the target moves in constant velocity, in
the basic scheme, we estimate the velocity of target by
recent location readings. In the extended scheme, we relax
the constant-velocity assumption, by adding an acceler-
ometer to the tag to detect sudden change of velocity and
trigger resampling of the target’s location upon detecting
such an event.

2.1 Basic Scheme

We assume the target moves in constant velocity in the
basic scheme. Observe Fig. 2a. P1 and P2 are the two most
recent sample points. The velocity is estimated by dividing
the vector P1 to P2 to the time between the two points,
shown as

V ¼ j~P2 � ~P1j=ðt2 � t1Þ: ð1Þ

The critical point C is where the line of movement intersects
with the critical region. As the target arrives at position P2,
the system sets the time for the next sample by calculating
the time for the target to move from the current position P2

to the critical point C in velocity V . Note that if the critical
region is in irregular shape, it may take some computation
to obtain the distance between current location and the
critical region. Denoting the distance between P2 and C as
D, the expected time elapsed T for the object to move across
the critical points can be computed by

T ¼ D=V : ð2Þ

To avoid drastic error due to very rough estimation of
velocity, we further bound the maximum value of the
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Fig. 1. System architecture.

Fig. 2. Illustration of mobility-aware sampling. (a) General mechanism. (b) Simulation setting.
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sampling interval. This upper bound limits the error of
detecting the target crossing the critical region’s boundary.
For example, the sampling interval is set to the upper
bound instead of infinity to prevent from a false prediction
of the target moving in zero velocity. The smaller the upper
bound is, the more likely the system will be triggered to
localize the target at the critical point. However, it will also
result in a smaller amount of energy conservation.

In practice, localization systems report target positions
with errors. If two recent reports are taken within a very
short period of time, the physical change of the target’s
position is relatively small to the localization error. In
other words, the velocity prediction will be dominated by
the location estimation error. As a result, more frequent
sampling will not help improve the accuracy in detecting
the boundary crossing events. Setting a lower bound
avoids such ineffective use of energy.

2.2 Extended Scheme

The assumption of the target moving in constant velocity is
strong. In general cases, the target moving in the space is
very likely to make a sudden change of velocity. Consider
the extreme case where the target begins to move from
being static. The chance is high that the target crosses the
boundary way before the time has arrived to sample the
next location. Setting of an upper bound limits the error of
detecting boundary crossing events. However, the trade-off
of setting the upper bound large or small is the same in the
basic scheme.

In order to capture these sudden changes of velocity
without setting a small upper bound, we add an extra
sensor to help infer the mobility. By using a cheap and low-
power 2-axis accelerometer module, a clear difference
between the stationary and the mobile period can be
observed. When the target is moving, the sensor readings
show a big variance; when the target stays static, the
readings remain stable. Therefore, this 1-bit indicator can be
obtained by examining whether the variance exceeds a
certain mobility threshold over a preset time window.

With this indicator, we can suppress frequent and
unnecessary sampling during the stationary period. Once
the target starts to move, the accelerometer can capture the
motion immediately and trigger the tag to operate using
the basic scheme. Note that when the system returns to
the basic scheme mode, it will set the next sampling
interval to minimum in order to obtain an estimate of the
new velocity.

3 SIMULATION

The objective of the simulation is to demonstrate
quantitatively the benefit of mobility-aware adaptive
sampling mechanism, in particular, how much the energy
efficiency and the accuracy of the critical point localization
can be improved by adapting to the predicted velocity.
We implemented the fixed-rate mechanism, basic scheme,
and the extended scheme for comparison. Our evaluation
consists of two sets of simulations—one assuming no
localization error and the other assuming localization error
measured in a Zigbee radio signal strength indicator
(RSSI)-signature-based localization systems [3]. The

implementation of the localization system will be detailed
in Section 4. Based on the simulation results, we discuss
1) the performance improvement of the basic and
extended schemes relative to the basic fixed-rate mechan-
ism, 2) how the benefit of mobility-aware mechanism
changes taken into consideration localization errors, and
3) how the target mobility and boundary crossing rate
affect the efficiency of the adaptive sampling schemes.’

3.1 Simulation Settings

The idea of mobility-aware adaptive sampling is applicable
for general localization systems. In a 2D space, the shape of
the critical regions could be irregular. Finding the critical
points is not trivial. To focus more on evaluating the
adaptive sampling mechanism, we consider a simplified
setting. The critical region is only determined by the
distance between the target and a reference point in the
simplified version. Illustrated in Fig. 2b, regions more than
R distance away from the reference point are set as the
critical region. The critical points compose a circle centered
at the reference point. The amount of overhead required to
perform one location update varies between different
localization techniques. To simplify the problem, we
assume that a fixed number of beacons are placed in the
area, and the target node can obtain its location through one
message exchange with the beacons.

Using the simplified setting, the mobility-aware adaptive
sampling mechanism is implemented in the network
simulator version 2, i.e., ns-2 [8]. ns-2 is a packet-level
discrete event simulator for wired and wireless data
network simulations. The radio range is set to 80 m while
the area of experiment is set to 70� 70 m2 to ensure that the
target and beacon nodes will be reachable to each other
throughout the simulations. The range of the reference
point to the critical point R is set to 20 m.

To simulate the movement of the user, we adopt the
random waypoint mobility model [9]. In this model, nodes
move with random speeds toward random destinations. A
different pause time between two consecutive movements
is set to represent a different degree of mobility. A lower
pause time implies a higher overall mobility, i.e., a higher
average speed and a higher frequency of changing direc-
tions. A number of more realistic, scenario-based mobility
models are used in the testbed experiments described in
Section 4. In our simulations, the speed of each movement is
chosen uniformly random from 0.3 to 2 m/s, which is also
around the speed range of human walking. We vary the
pause time interval from 0 to 1,000 seconds. With different
pause time, random moving speeds and destinations are
generated to run an 8-hour simulation to cover the 9 to
5 working hours.

3.2 Performance Metrics

The performance metrics are detection accuracy and
average location sampling rate. The application would
prefer an accurate report when the target just arrive at the
critical region. In our simulations, the location of the target
is reported when the target is R unit distance away from the
reference point. Thus, the detection accuracy is defined as
the distance between the reported position and the critical
distance R.
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From the simulations, we are not able to measure the
total energy consumptions of the localization system. In
fact, how much energy is required to localize the target
depends on the exact design and varies from system to
system. Here, we assume that given a localization system,
the energy consumption per localization is constant and
consider a minimum localization system. In that, a small
fixed amount of nodes equipped with RF transceivers are
placed in the area. The target equipped with the corre-
sponding transceivers receives the RF signals to estimate its
position from which the target velocity can be estimated
and the next sampling time can be derived, using the
mechanism defined in Section 2.1.

Consider the localization systems. Since the RF interfaces
are the primary energy consumer, the number of localiza-
tion samples directly reflects the energy consumption of the
mobile target. The average location sampling rate is
measured to evaluate the energy efficiency of the mechan-
ism. A lower average sampling rate implies better energy
efficiency. In the extended scheme, an extra accelerometer is
incorporated. The power consumption of the additional
accelerometer will be discussed in Section 4.

3.3 Results without Localization Error

The simulation results with zero localization error is
shown in Fig. 3. In the figure, the x-axis is the detection
accuracy and the y-axis is the average location sampling
rate. Every data point is plotted with 95 percent confidence
interval. Because no error comes from the localization
system, the error observed here is entirely due to sudden
changes of movement.

The fixed-rate sampling results are drawn by simula-
tions that each uses a different sampling interval, varying
from 0.1 to 10.5 seconds, respectively. The data point of the
0.1-second interval lies in the upper left side of the plot,
which has the smallest detection error and the highest
location sampling rate. By increasing the sampling interval,
the detection error would increase accordingly but the
location sampling rate would decrease. Thus, the curve
grows to the lower right side of the plot where the
detection error is larger and the location sampling rate is
lower. The curve shows that there exists a trade-off
between the error and energy efficiency. The higher the

accuracy requirement from the application, the more
energy the system will consume.

The fixed-rate result also shows as a performance bound.
Any effective mechanisms must produce error-energy
curves that are to the lower left of the fixed-rate curve.
These curves suggest that these effective mechanisms can
achieve better detection accuracy given the same energy
consumption in the fixed-rate sampling, or better energy
efficiency for the same accuracy.

The other two lines show the results of tuning the upper
bound of the basic and the extended schemes. We first fixed
both the lower bound and the upper bound to 0.1 second.
Then, we gradually varied the upper bound from 0.1 to
11.5 seconds for the basic scheme, and from 0.1 to
55.5 seconds for the extended scheme. The data point of
the 0.1-second upper bound again lies in the upper left side
of the plot, since a smaller upper bound can limit the
detection error with a higher location sampling rate. The
two lines also grow toward the lower right side of the plot
by increasing the upper bound. We observe that the average
location sampling rate drops rapidly at the beginning while
the average detection error does not vary a lot. This shows
that the mobility-aware mechanism effectively adjusts the
sampling intervals to a slower rate to conserve energy and
yet maintains a similar level of accuracy. After the initial
drop, further relaxing the upper bound does not help too
much in reducing the location sampling rate while the error
increases significantly. This means that when the upper
bound is too large, the system may fail to react to movement
changes during the sampling interval.

With the help of the accelerometer, the average location
sampling rate of the system is no longer bounded by the
upper bound sampling rate. If the accelerometer indicates
that the target is static, there is no need for the target to
resample its location. The target can completely turn off its
RF interface throughout the stationary period. The extended
scheme curve, therefore, is shifted downward and saves
more energy given the same detection error.

3.4 Results with Localization Error

The benefit we observe in the adaptive sampling mechan-
ism is a result of exploiting the target mobility. Error in
localization may impact the accuracy of the velocity
prediction, and in turn, compromises the benefit of adaptive
sampling. To evaluate the degree of impact the localization
error may incur, we measured the localization errors from
an actual Zigbee RSSI-signature-based localization system.
The error distribution is obtained from 1,000 measurements
in our localization system, which has the 50 percent
percentile error at 1.69 m and the 80 percent percentile
error at 2.99 m. The trace is used to drive the simulator to
study the impact of localization error.

We found that when the fixed sampling interval is set
small enough, the detection accuracy of the RSSI-based
localization system cannot be improved correspondingly
while more energy is consumed. It does not follow the
energy-accuracy trade-off in high sampling rate. This
phenomenon is due to the significantly larger localization
error, which limits the detection accuracy. When the
location sampling rate is too high, the detection accuracy
becomes dominated by the localization error instead of the
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sampling rate. The excessively small sampling interval can
lead to energy waste. Therefore, in the mobility-aware
mechanisms, the lower bound of sampling intervals should
be set to the point where the detection accuracy saturates in
order to avoid unnecessary sampling overheads. We
empirically determine this saturation point as 1 second
and set the lower bound accordingly in the simulations. We
vary the sampling interval from 1 to 7.5 seconds for the
fixed-rate sampling mechanism. For the mobility-aware
sampling mechanism, the upper bound is varied from 1 to
15.5 seconds for the basic scheme, and from 1 to 35.5 seconds
for the extended scheme.

The simulation results are shown in Fig. 4. Fig. 5 shows
the results with and without localization error together for
ease of comparison. Similar to the no-error case, on the
upper left side of the figure is the data point with 1-second
sampling interval. The curves grow toward lower right
when the fixed sampling interval or the upper bound of
sampling intervals increases. It can be seen that the range
estimation error impacts the mobility-aware mechanisms.
The two curves of the mobility-aware adaptive mechanisms
are drawn closer to the fixed-rate curve. Even so, the
resulting curves still fall to the lower left of the fixed-rate
sampling mechanism, and the mobility-aware mechanisms
show a qualitatively similar scaling property. Since the
localization error of the RF-based system significantly
degrades the accuracy of the velocity prediction, therefore,
the adaptation on the sampling interval becomes less
effective in achieving the optimal accuracy-energy combi-
nation. The extended scheme curve still shows better energy
efficiency, since the motion prediction by the sensor is not
affected by the extra localization errors.

3.5 Gain of Mobility-Aware Sampling

To clearly demonstrate the benefits of the mobility-aware
sampling mechanism, we show the amount of location
samplings performed relative to the fixed-rate sampling
mechanism in Fig. 6. In this figure, the comparison is done
by controlling the detection accuracy. The percentage of
location samplings is computed as the average sampling
rate of the mobility-aware mechanisms divided by the
fixed-rate mechanism, which achieves the same detection
accuracy. It can be seen that both the basic scheme and the

extended scheme can achieve significant energy reduction.
The sampling rate can be reduced to 8 percent in the no-
error case and 39 percent in the RF-error case. With the
assistance of the accelerometer, the sampling rate can be
further reduced to 5 percent in the no-error case and
20 percent in the RF-error case.

Looking closer to the increasing trend of the sampling
rate ratio as the detection error increases, one can also
observe that the benefit of the adaptive sampling mechanism
declines when the detection error requirement is loose. This
is because when we want to trade the detection accuracy to
save more power by relaxing the upper bound, the resulting
larger sampling intervals exaggerate the detection error
contributed by the error in velocity estimation. This also
suggests that if an application can tolerate very large
detection errors, the fixed-rate sampling mechanism can be
a better choice. Note that the detection error is contributed
by the untimely location sampling in addition to the
inaccurate location estimation.

3.6 Impact of Mobility

Note that in the mechanism section, the sampling rate is set
to the upper bound when the velocity equals zero. If an
additional accelerometer is added, the location sampling
can be simply stopped when the target is stationary. The
mobility-aware sampling mechanisms are expected to
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conserve more energy when the mobility is low. The
simulation results shown in Figs. 7 and 8 are the average
location sampling rate and detection accuracy over various
mobilities. The mobility here is defined as the percentage of
time that the target is moving. We generate scenarios based
on different percentage of moving periods to evaluate the
impact of mobility. For example, pause time 1,000 seconds
in the random waypoint model equals to 0.7 percent
mobility in the experiments. All data points in Figs. 7
and 8 are plotted with 95 percent confidence interval.

For both no-localization-error case and RF-error case, we
use the 1-second lower bound and 3.5-seconds upper bound
setting for the mobility-aware mechanisms and 2-seconds
sampling interval for the fixed-rate mechanism. This setting
is close to the optimal setting with the largest energy
savings in the RF-error case. We first show the relationships
between the average sampling rate and mobility. The
simulation results for the no-localization-error case are
shown in Fig. 7a and the results for the RF-error case are
shown in Fig. 7b. In Fig. 7a, the average sampling rate
decreases for both the basic and extended schemes as the
mobility decreases. This shows that both mechanisms are
able to adapt the sampling rate to target mobility. Without

any localization error, the basic scheme is able to detect

the stationary period, and switch the sampling rate to the

upper bound to maintain the system reactivity. With

the incorporation of accelerometer, the system can go to

sleep for the whole stationary period. Once the target

becomes mobile, the accelerometer helps trigger the system

to return to the basic location sampling scheme. This

advantage can be seen in the extended scheme curve, which

has a steeper slope than the basic scheme because it does

not need to check periodically even if the target does not

move. When the target moves close to 100 percent mobility,

there is very little margin for the extended scheme to work.
For the RF-error case, the simulation results are shown in

Fig. 7b. We can see that the average sampling rate for the

basic scheme is higher than that of the no-error case. The

higher sampling rate again shows the effect of localization

error, given that localization error gives a false perception

to the adaptation mechanism that the target node keeps

moving; therefore, the sampling interval is raised high and

can hardly adapt to target mobility. But if an accelerometer

is incorporated, the sampling rate again decreases rapidly.

This is because the extended scheme captures the mobility
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based on extra sensor readings, and the sampling rate is not
affected by the localization error.

Fig. 8 shows the detection error with different mobility
levels. In the no-error case (Fig. 8a), the errors of both
mobility-aware mechanisms are similar and are also not
affected by the mobility levels. This indicates that the
upper bound of the sampling interval can maintain system
reactivity in the zero velocity period. Also, setting the
target node to sleep by the accelerometer can conserve
more energy without introducing extra detection errors to
the system. The errors in the RF-error case (Fig. 8b) show
a similar trend, but the value is larger due to the
localization errors.

3.7 Impact of Boundary Crossing Rate

In the mobility-aware sampling mechanism, the next
sampling interval is determined by the predicted target
velocity, as well as the distance to critical regions. In
addition to target mobility, the rate of boundary crossing
events can potentially impact the performance of mobility-
aware mechanisms. If the target keeps moving across the
boundary of the critical region, the average sampling rate
will be raised higher by the adaptive sampling mechanism.

In this set of experiments, we vary the rate of boundary

crossing events from 0.5 to 29 times per hour. We use the

75 percent mobility scenarios with 1-second lower bound

and 3.5-seconds upper bound setting for the mobility-

aware mechanisms and 2-seconds sampling interval for the

fixed-rate. The simulation results are shown in Figs. 9 and

10 with 95 percent confidence interval. It can be seen that

for both no-error and RF-error cases, the mobility-aware

mechanisms achieve lower average sampling rates with

similar detection accuracy when the boundary crossing rate

is lower. This shows that the mobility-aware mechanisms

can conserve energy not only when the target moves

slower but also when the target stays far from the critical

regions. Also, an offset of sampling rate exists between the

basic and the extended schemes. This offset comes from the

energy saved by the further reduced sampling rate in the

stationary periods using the extended scheme.

4 IMPLEMENTATION

The mobility-aware adaptive sampling mechanism is

further implemented and integrated to a localization system
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Fig. 10. Impact of boundary crossing rate on detection accuracy. (a) Without localization error. (b) With RF localization error.
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to validate the simulation results. In this section, we
describe how the testbed is set up and present the
experimental results.

4.1 System Implementation

We set up a Zigbee-based localization system on the third
floor of our department building, as shown in Fig. 11. An
RSSI-signature-based approach, similar to MoteTrack [3], is
adopted to estimate locations. The idea of the signature
map is to exploit the mapping between a tag’s location
and the RSSI from a set of predeployed beacons, referred
to as the RSSI vector. The tracking area is surveyed to
construct the reference RSSI signature per sampled
location. With the map, the system compares the collected
RSSI vector to the reference RSSI signatures in the tracking
phase to identify the closest possible location. With the
map, the localization can be achieved by comparing the
collected RSSI vector with the reference RSSI signatures to
find out the closest possible location. We use the
k-nearest-neighbor (KNN) method for signature compar-
ison. In that, we select the top k sample locations whose
RSSI signatures are the closest to the collected RSSI vector.
The KNN estimator would output a location as an average
of the top k locations’ coordinates weighted by the
euclidean distances between the RSSI vector and the
signature. The location from the KNN estimator is later
processed by particle filters [10], a nonlinear filter that
incorporates human mobility models to improve the
localization accuracy. During operations, the badge will
turn its radio interface on to collect RSSI vectors and
obtain an estimated location from the position engine.
With the estimated location and accelerometer readings,
the badge will determine a sleep interval based on the
adaptive mechanisms and turn off its radio interface
accordingly to conserve energy.

4.2 Experimental Settings

Our system consists of 14 Telos motes [11] deployed 6 m
apart on the ceiling. These 14 motes serve as beacon nodes,
periodically broadcasting messages containing RSSI values
with a 200-ms interval. On the user side, the user wears a
mobile badge composed by a MicaZ mote equipped with a
2-axis accelerometer for localization and movement detec-
tion. Both Telos and MicaZ use the same 2.4-GHz Zigbee
radio interface, and therefore can exchange RF messages
between each other.

Six walking patterns with different mobility level
ranging from 10 percent to 100 percent are designed to

allow performance comparison. Based on our experience
moving in the building, a scenario is generated for each
mobility level. Enlisted in Table 1 are rough descriptions of
the moving patterns used in the experiments. Each scenario
is about 15 minutes long with the walking velocity around
0.5 m/s. Since the RSSI values are vulnerable to environ-
ment changes, different rounds of experiments may not be
comparable. To ensure fair comparisons, we configured the
receiving tag to log every beacon packet containing the RSSI
value along with the reception time throughout the
experiment. The three sampling mechanisms were applied
offline on the same collected traces to determine the
received RSSI vectors and adjust the RSSI sampling rate.
The location, therefore, can be estimated with the sampled
RSSI vectors.

We set the critical region as a vertical line in the middle
of the corridor to test the sensitivity of the sampling
mechanisms. In each trace, there can be one to nine
boundary crossing events based on different mobility. To
avoid biased results, each trace is tested for 10 times with
random start points. The sampling mechanisms should be
able to detect each boundary crossing event accurately.
We use the same parameter settings for the upper and
lower bounds of the sampling intervals as in the
simulations (1-second lower bound, 3.5-second upper
bound for adaptive, and 2 seconds for fixed-rate) when
conducting the live tests.

4.3 Experimental Results

As shown in Fig. 12, the results largely echo those of the
simulation experiments in Section 3. For the fixed-rate and
the basic scheme, the average sampling rate is similar
regardless of the mobility. Although the basic scheme cannot
adapt with target mobility due to the large localization error,
the average sampling rate is still 75 percent to that of the
fixed-rate mechanism. With the accurate detection of
stationary period by the accelerometer, the average sampling

36 IEEE TRANSACTIONS ON MOBILE COMPUTING, VOL. 8, NO. 1, JANUARY 2009
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rate of the extended scheme drops significantly to 13 percent
comparing to the fixed-rate mechanism in 10 percent
mobility. Note that the average sampling rates of the three
mechanisms are all lower than the results in the simulation
section. This is because in a real localization system, it takes
roughly 0.5 to 1 second for the receiving badge to collect
enough RSSI values for a valid location estimation. The
additional delay in effect increases the time interval between
samples; thus decreases the average sampling rate. On the
other hand, the detection errors of the three sampling
mechanisms are all similar. This indicates that both the basic
and extended schemes can save energy without sacrificing
the detection accuracy, and outperform the fixed-rate
sampling mechanism.

To take the additional power consumption drawn by the
accelerometer into consideration, we compute the equivalent
location sampling rate that uses the same amount of energy as
the accelerometer for comparison. Table 2 shows the power
consumption profile of the radio and accelerometer used in
our experiments [12], [13]. Assume, to acquire each location
sample, the radio needs to be put into the receive mode for
1 second to receive the RSSI vectors. The energy consump-
tion for each location sampling is therefore 56.4 mJ.
Consider the worst case scenario that the accelerometer is
always on without any power management. The energy
consumed by the accelerometer for 1 second is 1.8 mJ,
equivalent to taking 0.032 location samples per second. The
results after adding this equivalent location sampling rate
are shown in Fig. 12a. The average location sampling rate
of the extended scheme exceeds the basic scheme for
mobility 90 percent and 100 percent. If the target moves

continuously, the extended scheme has very little effects
and consumes more energy with the extra sensors. How-
ever, there exists some very low-power accelerometers
which can help us minimize the additional sensor power
consumption. For example, the power consumption of a
more recent ADXL330 3-axis accelerometer [14] is 0.96 mW,
only half of the sensor used in our current deployment.

5 RELATED WORK

The main contribution of our work is at the mobility-
aware adaptive sampling of the location information based
on the target mobility to improve both the boundary
detection accuracy and energy efficiency. However,
mobility-awareness and adaptive sampling are not new
ideas in communication system research. There also exists
a wide range of research introducing different localization
techniques and improving the energy efficiency of wireless
networks. In the following sections, we review and
discuss, respectively, how this work is relevant or
complimentary to the aforementioned research domains.

5.1 Mobility-Aware Communication Systems

The idea of using predicted mobility for overhead optimi-
zation has appeared in the literature of mobile and ad hoc
networking computing. In mobile ad hoc networks, [15]
controls the routing information updating rate efficiently by
adapting the frequency to the distance between two nodes
as well as node mobility. In the context of cellular PCS
network, efficient paging [16], [17] is achieved by limiting
the cell search to the region that the users are entering. For
object tracking sensor networks, predicted object mobility is
used to activate sensor nodes that are falling into the mobile
object’s proximity while the other nodes hibernate to
conserve energy [18]. Limiting the region of communication
or sensing, as proposed in the literature, reduces the system
overhead in the spatial dimension. The mobility-aware
adaptive sampling mechanism, complementary to the prior
work, exploits the temporal dimension and adapts the
sensing/sampling rate to the predicted mobility.

A recently proposed localization system [7] shares the
same energy conservation objective as our proposed
mechanism. The system reduces the amount of location
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data dissemination from the mobile unit to the location
server by separating the tracking area into small predefined
areas. Only when the mobile unit detects itself entering or
leaving the targeted area, the location information is sent
back to the central server. However, our work differs in that
we optimize the energy consumption of the mobile units in
using wireless interface to acquire location information.
This is complementary to the zone-based system that aims
at reducing the power consumption of using wireless
interface to forward location data.

In other types of localization systems such as the
vision-based systems, similar approaches in optimizing
the location updating rate are introduced, because the cost
to transmit pictures to obtain location updates is espe-
cially high in such systems. In [6], the system assumes
target moves in constant speed and transmits a new
picture to reestimate the location and moving direction
when it predicts the target comes close to the corners in
the space. The general idea is similar to our adaptive
sampling mechanism but our extended scheme can further
relax the constant-speed assumption and provide a more
practical solution.

5.2 Adaptive Sampling

The idea of adaptive sampling is known and applied in
different fields such as image processing [19] and sensor
networking [20], [21]. In [19], the technique is used for
interactive virtual reality. For the same level of perceptual
quality, the resolution required for a flat and curvy surface
is different. The authors propose to adapt the resolution of
rendering based on the degree of curvature of individual
grids in the images. In sensor networking, the sensor
nodes are often battery powered. Energy efficiency is a
major technical issue to tackle. Raghunathan et al. [21] has
pointed out work such as [20] has exploited the idea of
adaptive sampling to conserve energy. Described in [20] is
a sensor network that is deployed for environmental
monitoring. To strike a balance in energy consumption
and fidelity of the sensing results, they propose a multi-
scale sensing mechanism, in which a lower frequency/
density sensing is running continuously and the higher
frequency/density sensing is triggered only when the
events of interests are detected by the lower level. We also
exploited the idea of adaptive sampling for energy-efficient
boundary detection for location-aware applications.

5.3 Location Estimation Techniques

There are different techniques developed for range
estimations. These techniques commonly require signal
transmissions between the observer and the target ob-
served. The major differences are the properties of
calibration methods and the usage of signal sources. Our
adaptive sampling mechanism is independent of the range
estimation techniques and complementary in that the
frequency of range estimations can be optimized for
energy efficiency.

Most of the techniques use sonic, ultrasonic, and RF as
signal sources. Given the assumption that signal propagates
with constant velocity, time of arrival (TOA) is the most
common method for estimating the distance by measuring
the signal propagation time. Angle of arrival (AOA) is a

network-based technique exploiting the geometric property
of the arriving signal. By measuring the angle of the signal
arrivals at more then one receiver, AOA is able to give a more
precise location. Time difference of arrival (TDOA) [22] is
also network based. It measures the time difference instead of

the angle to infer distance. Some hybrid approaches of TOA,
AOA, and TDOA are also proposed, and it is still an active
research topic in the field of localization.

Another type of techniques measure the received RSSI.
These techniques exploit the decaying model of electronic-
magnetic field to translate RSSI to the corresponding

distance [23], [24]. Also, the frequency bands used for
transmission vary. For example, the well-known RADAR
system [25] uses the RF. LADAR and SONAR use the
visible light and the audible sound bands, respectively.
RADAR, SONAR, and MoteTrack [3], for instances, analyze

the signal reflected from the object to estimate location.
A recent innovation, Cricket [26], takes a hybrid approach,
using both the RF and ultrasonic bands.

Different from the signal-transmission-based methods,
there exists another class of localization systems based on
incremental motion from wearable sensors [27], [28]. These

systems use accelerometers, digital compass, or orientation
sensors to detect relative changes between locations. The
energy consumption of the tag, thus, can be significantly
lower than aforementioned localization systems. These
localization systems are most useful for environment where
building an infrastructure for localization is difficult.

However, a major drawback of such systems is that the
localization errors accumulate over time. In case of
boundary detection applications where the target might
need to be monitored continuously for a long time and the
boundary detection error might need to be controlled

within a certain limit, the localization systems based on
estimating incremental positional changes will not be
appropriate. In other words, the RF-based systems and
accelerometer/gyroscope-based systems might not be very
comparable in terms of boundary detection accuracy.

5.4 Energy-Efficient Designs

Communication has always been the main energy consumer
in wireless systems, therefore, the energy-efficient issue has
received lots of attentions [29]. This leads to low-power
design within the physical layer in order to reduce the
sources of power consumption within mobile terminals [30].

Adaptive error and power control are applied to energy-
efficient protocols within the MAC layer of wireless
networks, and power-conserving protocols within the LLC
layer [31], [32]. Power-aware protocols within the network
layer exploit the trade-off between frequent topology

updates (resulting in improved routing) and bandwidth
consumed by increased update messages [33]. Opportu-
nities for saving battery power within the transport layer lie
in the sensitivity to wireless environment. Selective
acknowledgments and explicit loss notification are used to
handle losses. At application layer, techniques are devel-

oped specifically for different applications. Our work, the
adaptive sampling mechanism, works on improving energy
efficiency to support location-aware applications.
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6 CONCLUSION AND FUTURE WORK

In this work, we have proposed a mobility-aware adaptive
sampling mechanism that can meet the accuracy require-
ments of applications but significantly reduce energy
consumption in the underlying localization systems.
Through simulations and live tests, we show that with the
adaptive mechanism, we are able to enhance the energy
efficiency of the locating system yet maintain the location
information accuracy. The simulation results further sug-
gest that the mechanism can actually adapt and benefit the
most when the user is stationary. Although the mechanism
performance is somehow adversely affected by positioning
errors in the localization systems, we show the significant
performance improvement can still be realized by the
proposed adaptive sampling mechanism.
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