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SUMMARY Wireless sensor networks (WSNs) are ubiquitous in a
wide range of applications requiring the monitoring of physical and environmental variables, such as target localization and identification. One
of these applications is the sensing of ferromagnetic objects. In typical
applications, the area to be monitored is typically large compared to the
sensing radius of each magnetic sensor. On the other hand, the RF communication radii of WSN nodes are invariably larger than the sensing radii.
This makes it economical and eﬃcient to design and implement a sparse
network in terms of sensor coverage, in which each point in the monitored
area is likely to be covered by at most one sensor. This work aims at investigating the sensing potential and limitations (e.g. in terms of localization
accuracy on the order of centimeters) of the Honeywell HMC 1002 2-axis
magnetometer used in the context of a sparse magnetic WSN. The eﬀect
of environmental variations, such as temperature and power supply fluctuations, magnetic noise, and sensor sensitivity, on the target localization and
identification performance of a magnetic WSN is examined based on experimental tests. Signal processing strategies that could enable an alternative
to the typical “target present/absent” mode of using magnetic sensors, such
as providing successive localization information in time, are discussed.
key words: magnetic sensors, wireless sensor networks, target localization, target identification

1. Introduction
Wireless sensor networks (WSNs) are widely used in a variety of applications, such as target localization and identification, which require the monitoring of physical and environmental variables (e.g. temperature, pressure, humidity,
acoustics, and magnetic field). As most WSNs operate from
batteries, minimizing energy consumption is critical to extending network lifetimes [1], [2]. Techniques involving the
management of sensor sleep states [3]–[6] have been proposed for this aim. Another approach is to employ cognitive,
or intelligent, signal processing algorithms that collaboratively use environmental and target-related information to
simultaneously optimize the sensing tasks and energy consumption. Thus, the more information that can be extracted
from a single sensor node or the collaboration of multiple
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nodes, the more network operation can be enhanced.
Magnetic WSNs have been used in a number of previous academic studies and industrial applications of ferromagnetic target detection, identification, and tracking: e.g.,
the estimation of road traﬃc patterns and traﬃc measurement [7], [8], and intelligent traﬃc guidance systems that
aid cars in locating parking spaces [9], [10]. Magnetic
WSNs have also been used for the classification of vehicles
[8], [11], [12] and aircraft [13]. In these studies, detection
is based on the sensing of suﬃciently large magnetic disturbances, while classification is accomplished by examining
the shape of the magnetic signature caused by target motion
within the range of the magnetic sensor. The position of the
detected magnetic target is only known as being within the
vicinity of the sensor that detected a magnetic anomaly.
In more recent work, researchers have proposed techniques for object direction finding based on the analysis of
magnetic anomaly signals [14], [15]. More advanced magnetic target tracking algorithms have also been proposed
based on theoretical studies. Kozick and Sadler [16] developed a computationally-eﬃcient vector field algorithm that
jointly processes the data from all nodes in the sensor network to yield estimates of the track and target dipole moment vector. Birsan [17] used an unscented particle filter to
track a magnetic dipole target.
This work, however, focuses on the problem of extracting the maximum amount of information from a single sensor. Although it is often assumed that the target is sensed by
all sensors throughout the experiment, in many cases, this
assumption is not valid. Conventionally, magnetic sensors
have only been used to obtain locational information given
just in terms of being within the sensing radius of the magnetometer. This work proposes a novel method based on a
“minimum distance approach,” a special case of orthogonal
matching pursuit (OMP) [27], which may be used to extract
more specific locational information (e.g. quadrant location)
within the sensing radius of the magnetometer.
This result is of significance because it not only enables
closer tracking of potential targets, but because in sparse arrays such information may be used to better anticipate which
sensors are truly required to track the target, and thus enable
the network to conserve energy and extend network lifetime.
The structure of this paper is as follows. Section 2 summarizes the magnetic WSN architecture, target characteristics, and laboratory test set-up. Section 3 presents measured
results showing the impact of environmental factors and dis-
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cusses practical challenges in implementing real magnetic
WSNs. Section 4 presents details on the localization and
identification algorithm implemented and results for a single sensor, while Sect. 5 presents the results validating performance of sequential localization over the entire network.
Section 6 presents localization results for a real-world example of the magnetic WSN observing the motion of a car
in a parking lot. Finally, Sect. 7 discusses future work and
conclusions.
2. System Architecture
The WSN test setup is designed so as to be a sparse network;
i.e., a network with a low node density so that the sensing region of the nodes are non-overlapping. Consequently, each
localization and identification computation is based solely
on the measurements obtained by a single node. There is
no possibility for perfecting results based on data fusion between nodes. Moreover, the sparse nature of the network
also means that blind zones — areas that are not covered by
any sensor — exist. The presence of blind zones further motivates the need for improved information extraction from
the signals received at a single node.
2.1 Hardware
Each node within the network is constructed using MICAz motes equipped with MTS310CB [18] sensor boards.
A gateway MICAz mote in collaboration with a MIB520
programming board is used to connect a personal computer, which acts as the network fusion center. Each MICAz mote is equipped with an IEEE 802.15.4 compliant,
Chipcon CC240 RF transceiver and Atmega 128L microcontroller. The MTS310CB sensor board includes a Honeywell HMC1002 2-axis magnetometer [19]. To program the
MICAz motes, the open-source operating system TinyOS2.1.0 was used. A centralized tree-based network was established using the Collection Tree Protocol (CTP) [20] implemented by the TinyOS Network Protocol Working Group
(Net2WG). The dissemination protocol, DRIP by Net2WG
[21] was used to send messages required for network-wide
maintenance.

6
3.5688
2.7236

supply voltage (V), and Vo f f set is the bridge oﬀset voltage
(mV). According to the HMC1002 data sheet [19], the sensor sensitivity varies between 2.5 and 4 mV/V/Gauss. Sensitivity estimates based on minimizing the least square error
between the model of a magnetic dipole and experimental
measurements made by six of the sensors used in the magnetic WSN are tabulated in Table 1.
The diﬀerential output voltage Vdi f f is then mapped to
the full span of the ADC by amplifying Vdi f f over two stages
and then using a voltage-divider potentiometer to ensure the
output remains within the limits of the ADC. More specifically, the gain for each amplifier stage is given as [24].
80 kΩ
=5+
RG1
80 kΩ
G2 = 5 +
=5+
RG2
G1 = 5 +

80 kΩ
= 29.242
3.3 kΩ
80 kΩ
= 77.727
1.1 kΩ

(2)
(3)

Here, RG1 and RG2 are the external resistors on the magnetometer circuit used to adjust the gain of each amplifier. If
VAB = 0.5282 V is the maximum possible voltage diﬀerence
across the potentiometer, then the voltage diﬀerence at the
input of the ADC is
VADC =

VAB
×G2 = 2.0633×77.727 = 160.37 mV.
256

(4)

Since the full-scale ADC output is 210 − 1 = 1023 for
a 3 V supply,
VADC × 1023
 54 ADC counts.
(5)
3000
Thus, one unit of change in the potentiometer value oﬀsets the ADC reading by 54 ADC counts, a result that was
also experimentally verified. For each magnetometer axis,
the actual magnetic sensor reading can be calculated by oﬀsetting the ADC reading by the change in ADC units due to
the potentiometer
ADCtotal = ADC + 54 × PotentiometerBias

2.2 Magnetometer Measurements

(6)

and converting the units to Gauss to obtain

The Honeywell HMC1002 magnetometer is comprised of a
Wheatstone bridge. Any change in the magnetic field triggers a change in resistance, which is in turn reflected as a
change in voltage across the Wheatstone bridge that is converted to a 1024 bit reading by the MICAz’s analog to digital
converter (ADC) circuit. This ADC reading may be derived
in terms of the applied magnetic flux. First, the diﬀerential
output voltage, Vdi f f , is expressed in terms of the applied
magnetic flux, Bs [22]:
Vdi f f = S × Vb × Bs + Vo f f set ,

X
Y

Table 1 Estimated sensor sensitivities [23].
Sensor Number
1
2
3
4
5
3.6564 3.2893 3.3912 3.243
2.9396
2.9226 2.7956 2.8927 3.388
2.6116

(1)

where S is the sensitivity (mV/V/Gauss), Vb is the bridge

Vdiﬀ × Gtotal ×

ADCfullscale
= ADCtotal .
Vsupply

(7)

Here, Gtotal is computed as G1 × G2 = 29 × 78 = 2262.
The measured magnetic field for either magnetometer axis
may then be found to be:
Bs =
2.3

(ADC+54×PotentiometerBias) Voﬀset
−
(0.001×Gtotal ×ADCfullscale ×S ) (Vb ×S )

(8)

Magnetic Sensor Axis Orientation

It was found during our experiments that the magnetic axis
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Fig. 4
Fig. 1

Magnetic axis orientation detector.

Table 2

Experimentally measured sensor coverage for varying targets.

Target
1
2
car

2.4

Fig. 2

Axis orientation detector.

Targets.

Target type
Homogeneous
very small
Homogeneous
small
Composite
very large

Min coverage
7.5 cm

Max coverage
35 cm

10 cm

60 cm

1m

3m

Target Characteristics

To ease algorithm testing and development, the magnetic
WSN was set up in a laboratory environment and testing
using small iron objects as targets, as illustrated in Fig. 4
• 1: an iron bar 15 cm long and 3 cm in diameter;
• 2: an iron bar 30 cm long and 3 cm in diameter;
• 3: an iron bar 30 cm long with a cubic cross section of
3 × 3 cm;
• 4: the combination of two iron bars, targets 1 and 3
taped together.
The magnetic field of these targets, when tested in the
laboratory, matched well with a dipole model [23], a model
widely used in the literature for many diﬀerent types of targets, ranging from cars to humans [25]. The maximum
range at which the magnetometer senses a target is listed
in Table 2 for several types of targets based on laboratory
experiments conducted as part of this study.
3.

Fig. 3

Axis orientation of available HMC1002 sensors.

orientations also diﬀered from sensor to sensor. Thus, to
determine the orientation for each sensor, a simple noninverting amplifier op-amp circuit was used, as illustrated
in Figs. 1 and 2. When a ferromagnetic object, such as an
iron bar, is moved from point A to to point B, the illuminated LED light changes from LED 1 to LED 2, indicating
that the axis orientation of the sensor is parallel to the movement of the object. In this way, the axis orientation for each
sensor was detected (Fig. 3).

Practical Issues

In the practical implementation of magnetic WSNs, important issues involving the operation of the magnetic sensors
arose that were critical to ensuring the correct operation
of the WSN. These issues involved the eﬀect of daytime
temperature variations, power supply variations, and noise
on sensor measurements. Experiments were conducted to
quantify the impact of these real-world eﬀects so as to guide
proper construction of the magnetic WSN, especially in outdoor environments, as well as assess impact on proposed localization and identification algorithms.
3.1

Eﬀect of Temperature Variations Temperature

During the course of experiments in operating the magnetic
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WSN, appreciable influence of temperature variations were
observed. To quantitatively assess the significance of these
variations, several tests were conducted, both indoors and
outdoors. First, the ADC variations incurred due to change
in temperature were measured over a 24 hour period in the
laboratory where the network was tested. To minimize the
eﬀects of foreign devices, such as operational cell phones
or passing vehicles, the tests were conducted on weekends,
when campus activity was minimal. The results are shown
in Fig. 5 are for a test conducted between 11 am one morning
to 11 am the following morning. It was found that the most
variation occurred during sunrise and sunset. Moreover, direct illumination with sunlight through a window was observed to significantly change measurements in a short period of time. Thus, subsequent indoor testing was performed
on weekends, in the middle of the day when sunlight on the
lab was mostly constant, at a location distant or shielded
from the window.
Outdoors, however, temperature variations presented a
more significant challenge. To observe the eﬀect of temperature variations via direct sunlight on the magnetic sensors,
continuous measurements were taken over a 45 minute duration about noon outside Building C of the EE Department
at the Middle East Technical University, Ankara, Turkey. To
reduce the influence of wind and isolate the sensor, the sensor was placed in a cardboard box with a removable cover.
The test period was divided into two periods: 1) During
the first 15 minutes, the cardboard box was covered, and 2)
during the next 15 minutes, the cardboard box was left uncovered, leaving the sensor directly underneath the sunlight.
Figures 6 and 7 illustrate the X and Y components of the
measured magnetic field and outside temperature variation
seen during the test period. During the first period, when the
sensor is covered, the temperature is held at approximately a
constant, with just a slight linear increase over time. In parallel, the measured magnetic field components also linearly
vary over this interval. However, when directly exposed to
the sun, the temperature of the sensor, and accordingly, the
magnetic field measured changes drastically.
Comparing Figs. 6 and 7, it may be observed that when
the sensor is not shielded, the ambient temperature variations are directly reflected in the magnetic field measurements even the pattern of fluctuation is identical. Thus, it is
important that the sensor be operated with some kind of thermal shielding, especially in outdoor conditions. During the
vehicular localization tests presented in Sect. 6, the sensor
was thermally shielded with the cardboard box at all times.
3.2 Eﬀect of Power Supply Variations
Sensor power supply levels were also found to have an impact on magnetic measurement levels. As before, all tests
were conducted in a temperature controlled environment on
weekends, when magnetic noise would be at a minimum.
Rather than using batteries, the sensor motes were powered
with a DC power supply. The magnetic measurement readings were recorded for varying levels of power, ranging be-

Fig. 5

Indoor ADC variations measured over a 24 hour period.

Fig. 6 X-axis and Y-axis magnetic readings observed during the temperature test.

Fig. 7

Temperature variation during a temperature test.

tween 2 V and 3.2 V. Figure 8 shows the measurement variation with power supply level. Moreover, since the localization and identification algorithms take as inputs not absolute magnetic field, but the diﬀerence in magnetic field
relative to the ambient field, these diﬀerences are computed
for varying power levels and tabulated in Table 3. These re-
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cision is announced and the target location will be displayed
on the map. For the next decision the counter value will be
reset to zero value again. This procedure is repeated continually during the experiment.
The threshold value is determined based on the amount
of noise or sources of errors aﬀecting the system during the
experiment. For larger number of noise, large number must
be selected for the threshold value. However, in general the
smallest feasible value should be chosen to have a real time
(online) monitoring system.
4.
Fig. 8
Table 3
ply.

V
3.2
3.1
3
2.9
2.7
2.5
2.3
2.1

Eﬀect of power supply voltage variation on measurements.
Relative magnetic field measurement variation with power supADC Value
Ambient
Bxa
BYa
588 470
587 473
586 477
585 480
577 483
454 364
475 519
347 398

With Target
Bx
BY
622 506
622 509
621 512
620 516
614 520
522 432
525 460
559 504

Variation in Diﬀerence in
Practical Operating
Voltage Range
(3.2 volt to 2.7 volt) [26]

Diﬀerence
Bx − Bxa
34
35
35
35
37
68
50
212
2

BY − BYa
36
36
35
36
37
68
-59
106
2

As the network implemented in this work is a sparse network, it is assumed that at the beginning of the experiment
that no target is present within the sensing region of any
nodes. Because the ambient magnetic field is not constant,
and often eﬀected by the environmental and electronic effects discussed in Sect. 3, first the ambient magnetic field
level is measured. Any significant deviation in sensor readings (i.e., a change greater than several ADC counts exceeding a threshold set above the level of magnetic noise) indicates that a ferromagnetic target has entered the sensing region of the sensor. The main contribution of this work, however, is that not just target presence within the vicinity of the
sensor, but more detailed positional information is extracted
from the magnetic sensor. This is accomplished by use of
a basic form of the Orthogonal Matching Pursuit (OMP) algorithm, which finds the best match between measurements
and target model, as discussed in more detail next.
4.1

sults show that although the sensors are highly sensitive to
power supply levels, the variation in relative magnetic field
is minimal.
3.3 Eﬀect of Magnetic Noise
Magnetic noise may be defined as any variations in the magnetic field caused by objects other than the target of interest.
Any natural variations in the earth’s ambient magnetic field,
magnetic field changes caused by passing vehicles, or the
presence of electronic instruments may result in magnetic
noise. It was observed that the eﬀect of the motion of vehicles in the neighboring parking lot were much more significant than the eﬀect of the presence of computers in the
lab. During the experiments, variations in ambient magnetic
field caused by moving vehicles in the neighboring parking
lot were found to be approximately ±5 ADC counts.
Unlike the ADC count drift observed during course of
the day, the variations in the magnetic field due to other vehicles is a temporary eﬀect (on the scale of minutes), which
can be eliminated by adding a counter checker to the decision algorithm. The counter checker operates as a buﬀer
unit. It counts the number of the same detection decision in
each short time period. At the beginning its value is zero.
When the counter value reaches to a threshold value, the de-

Localization and Identification

Orthogonal Matching Pursuit

Orthogonal matching pursuit [27] is an iterative sparse approximation technique, similar to basis pursuit [28] and
matching pursuit [29], [30], which finds the best linear combination of dictionary elements that fits the measured data in
a least squares sense. In the case of magnetic sensing, the
magnetic field measured is dependent upon both target type
(e.g. size and shape) as well as location. Typically, the dictionary is formed from all possible combinations of parameters given by a model used to describe the measurements.
In this work, ferromagnetic modeling is used to define
the dictionary entries, as described in more detail in the next
section. Nevertheless, for now let us mathematically define
the dictionary as χ(ξ), where ξ is defined as a vector of
unknown parameters ξ = [ξ1 · · · ξi · · · ξP ] and P is the total
number of unknowns. If the total number of possible values
for each parameters is defined as pi for the ith parameter,
then the total number 
of potential realizations of the target
P
pi . Thus the dictionary may be
measurement is Q = i=1
mathematically expressed as
D = [χ1 (ξ) · · · χ j (ξ) · · · χQ (ξ)]T

(9)

OMP seeks a coeﬃcient vector C such that :
ŝ =

Q

j=1

Cq .χ(ξ)

(10)
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where q is an index into the Q dictionary entries comprising the model signal, ŝ. The coeﬃcient vector is iteratively
found by minimizing the least square error between the measured data and the model signal.
In the case when only a single target is present,
the OMP algorithm described above reduces to finding
the dictionary element yielding the peak projection, i.e.
max(sT D); or, the minimum distance between the dictionary element and measured signal vectors. If more than one
target is present, then at each iteration the peak projection
is subtracted from the residual signal until a stopping criterion is met, such as the residual magnitude falling below
a threshold. The target parameters of the dictionary entries
found to give the best fit to the measurements can then be
used for the identification. In the case of magnetic sensing,
since each dictionary entry is generated for a diﬀerent location and magnetic moment, the dictionary entry selected as
a result of OMP yields information not just about location,
but also about target type.
4.2 Magnetic Modeling for Dictionary Computation
As mentioned in Sect. 2.4, most ferromagnetic targets can
be modeled as a magnetic dipole,


m
μ0 3(m.r)r
−
(11)
B(r) =
4π
r3
r5
Here, μ0 is the permeability of free space, m is the magnetic moment, and r is the distance between the target and
sensor. To compute the dictionary, the sensing region about
each sensor is discretized into 10 cm × 10 cm squares, as
shown in Fig. 9. At each test point, the magnetic field components Bx and By are measured when a target was present
(BxP , ByP ) and when a target was not present (BxNP , ByNP ).
The diﬀerence between these values at each test point is then
used to form the dictionary:
⎞
⎛
⎜⎜⎜ Bx1 By1 ⎟⎟⎟
⎜⎜⎜ .
.. ⎟⎟⎟⎟
D = ⎜⎜⎜ ..
(12)
. ⎟⎟⎟
⎠
⎝⎜
Bx28 By28

where Bx = BxP − BxNP and By = ByP − ByNP . Because
the magnetic field depends not just on the range, r, but also
on target properties, magnetic moment, m, the above dictionary is replicated for each diﬀerent target to form the total,
composite dictionary:
D t ot al = [D t arg1 D t arg2 D t arg3 D t arg4 ]T

(13)

For each of the ferromagnetic targets defined in Fig. 4,
as well as the vehicles used in the tests of Sect. 6, the
magnetic moment is experimentally determined and used in
(11)–(13) to compute a dictionary for each target.
4.3

Target Identification

When a target first enters the sensing region of the magnetometer, the first step of the algorithm is to determine target
identity (e.g., one of the four targets in Fig. 4). Because the
magnetic field depends on both location and target properties, there is some coupling in the measurements. However,
upon initial detection, there may be three possible scenarios: 1) the point of entry is known (as may be the case when
a vehicle enters a parking lot); 2) the quadrant of entry is
known (if general direction of arrival is known); and 3) no
a priori information is available. Generally speaking, when
a target first enters the area observed by the entire sensor
network, there is no a priori information about target location; however, as the target progresses through the network,
the observations from one node can be used to guide and
improve the performance of subsequent nodes.
In the case when no a priori information is known, it
was found that the ability to discern target identity varied
between 46% and 56%; essentially giving no better results
than that obtained by simply guessing, as can be seen by the
confusion matrix of results given in Table 4. However, if the
quadrant of entry was known, this rate improved to 75%–
87% for most targets (Table 5), while knowing the exact
point of entry enabled discerning the target correctly 100%
of the time.

Table 4 Confusion matrix for target identification when target entry
point unknown.
Confusion matrix

Target

i
ii
iii
iv

Target estimation
i
ii
iii
18 5
5
5
12 8
6
4
18
2
5
4

iv
2
3
0
15

Table 5 Confusion matrix for target identification when quadrant of entry known.
Confusion matrix

Target
Fig. 9

Sensing region discretization for a single sensor.

i
ii
iii
iv

Target estimation
i
ii iii iv
7
0
1
0
0
6
0
2
2
0
6
0
0
1
0
7
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Fig. 10 Localization performance for the sensing region discretized into
10 cm × 10 cm cells for 4 targets and 280 observations.

4.4 Target Localization
Once the target type was discerned, the target could then
be sequentially localized as it moved through the sensing
region of the magnetometer. Two spatial resolutions were
tested: 1/4 resolution (region divided into four quadrants)
and 1/28 (region divided into 28 cells). Results were classified as being either “correct,” “wrong,” or “near”, i.e., target
location was estimated as being within one cell (10 cm) of
correct location. “Correct” means that the estimated location of the target is the same as the actual location within a
10 cm × 10 cm resolution cell, while “near” shows that the
distance between the correct location and the estimated location is not more than 10 cm. Estimates that fall beyond the
10 cm limit are classified as “wrong”.
Experimental testing showed that for a positional resolution of 10 cm × 10 cm, yielding 28 diﬀerent cell locations
within the sensing region, correct localization was accomplished 72% of the time, as shown in the chart of Fig 10.
However, if the cell resolution is decreased to being that of
quadrants, localization performance improved to 100% for
4 targets over 60 observations.
4.5 Eﬀect of Multiple Targets and Magnetic Interaction
Each ferromagnetic target may be represented with a dipole
model of varying magnetic moment. So long as the principle of superposition is valid, the OMP framework summarized in Sect. 4.1 may be used for the localization and
identification of multiple targets. The magnetic field generated by multiple magnetic dipoles located at diﬀering positions may be computed by summing the individual magnetic dipole field expression given in Eq. (11) in the vector
domain. This combined magnetic model may then be used
to either numerically or analytically generate the dictionary
used in the OMP algorithm. It is important to emphasize
that the dictionaries cannot be simply summed as they contain the scalar component values for a single dipole-vectoral
summation must be performed and the dictionary regenerated accordingly.
In the case, however, when the two targets are located
suﬃciently far away so that the far-field magnitude of the

Fig. 11

Magnetic WSN testbed in laboratory.

field is negligible at the location of the other targets, then
the dictionary generated with the single dipole model, replicated for varying magnetic moments and locations, may be
utilized.
For most of the targets used in this work, it was found
that magnetic interaction was minimal at distances beyond
35 cm. Thus, for targets passing the sensor in opposing
halves regenerating the dictionary was not necessary. However, in the general case of larger targets, including the effects of magnetic interaction in the dictionary is necessary.
5.

Sequential Localization in a Magnetic WSN

A wireless sensor network of 9 sensors covering a region of
240 cm × 240 cm was set up in the laboratory, as illustrated
in Fig. 11. The network was designed as a sparse network,
so that a 30 cm “guard band” was generated between each
sensing region, leaving blind spots between the sensors. In
the tests, targets 2 and 4 were tracked over the span of the
entire network. The estimated track for these targets computed via sequential localization is shown in Figs. 12 and 13.
For a resolution cell of ±10 cm, the algorithm found 71.25%
correct locations, 15% nearly correct locations, and 13.75%
wrong locations over a total of 80 observations.
If the size of a resolution cell is increased to that
of quadrants, improved sequential localization performance
was obtained. Figures 14 and 15 illustrate the performance
for two diﬀerent target paths through the network.
6.

Vehicle Localization in a Parking Lot

After validating the proposed algorithm in a laboratory environment, the system was then tested on outside for estimating the time-varying positions of a car slowly moving about
a parking lot.
A network comprised of 8 sensors was set up in the
parking lot at the Middle East Technical University, Ankara,
Turkey. The parking lot layout and position of the sensors
is shown in Fig. 16. This parking lot has 8 parking spaces,
divided between two groups of four spaces that reside to the
left and right of the only entry/exit. Two sensors were applied to detect and localize a vehicle in one of these parking
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Fig. 14 Example 1, illustration sequential localization through network
with quadrant-level resolution.

Fig. 12 Real path (blue paths) and estimated points (red paths) of movement of Target 2. (28 cell resolution)

Fig. 15 Example 2, illustration sequential localization through network
with quadrant-level resolution.

Fig. 16

Sketch of parking lot and sensor position layout.

Fig. 13 Real path (blue paths) and estimated points (red paths) of movement of Target 5. (28 cell resolution)

spaces (sensors number 7 and 8). The remaining six sensors were used to estimate the position a car in the roadways
of the parking lot. Through experimentation, we found that
the maximum distance at which a car could be detected was
3 meters. Thus, the sensor positions were adjusted so that
there was at least 6 meters distance between each sensor.
The data from each sensor was processed using the proposed
algorithm to extract quadrant-level localization information
on the vehicle position. Sensors located in the middle of the
parking lot (Sensors 4, 7, and 8) had all four quadrants activated, while the algorithm only utilized information from

three-quadrants for Sensor 1, and two-quadrants for Sensors
2, 3, 5, and 6. In this way, the system was used to monitor
the position of a car in the parking lot and gain information
regarding the availability of parking spaces.
Using the same methodology as previously described,
a dictionary for a typical car was generated and used in the
localization algorithm. To create the dictionary, for each
parking space, the magnetic field components Bx and By are
measured when a car was present (BxP , ByP ) and when a car
was not present (BxNP , ByNP ). The diﬀerence between these
values at each test point is calculated and then used to form
the dictionary.
The experiment was conducted as follows. First, the
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sensing in a network of sparsely placed sensors carries significance from not only a cost but also an energy eﬃciency
perspective. Therefore, we believe that from an energy efficient sensing application perspective this work and its extensions will prove to be significant.
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