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Abstract—This work attempts to address challenges of using
magnetic sensors for target detection, localization and tracking with
a wireless sensor network (WSN). A WSN comprised of magnetic
sensors was constructed to investigate the modeling, detection, and
localization of ferrous targets. The system was established as a
centralized tree-based wireless network with a PC acting as the
fusion center. A heavy cylindrical iron bar was used as a test target
and modeled as a magnetic dipole. The magnetic signal models
used are experimentally validated and the problem of variation
in magnetic sensor sensitivity is addressed by including sensitivity
estimates in the validation process. Maximum likelihood and leastsquares techniques were applied to detect and localize the test target.
Experimental results demonstrating performance are presented and
practical considerations of utilizing magnetic sensors in a WSN
addressed.
Index Terms—magnetic sensing, wireless sensor network, detection,
localization, tracking.

I. I NTRODUCTION
Magnetic sensors have been used in a variety of applications,
the most ubiquitous being vehicle detection, tracking and classification. Simple vehicle detection schemes have been proposed
for aiding cars in locating parking spaces in [1], and for traffic
measurement in [2], where a WSN with magnetic sensors was
used to process experimentally observed vehicle signatures. In
[3], an air traffic control application was introduced for multiple
target tracking and classification of aircraft and cars. Yet another
application of magnetometers is magnetic anomaly detection for
hidden ferromagnetic objects, presented in [4] and [5].
While previous magnetic sensing applications with WSNs reported in the literature focus on the detection of large ferromagnetic bodies, such as vehicles, our work focuses on a more
fine-tuned detection regime utilizing a much smaller test target.
Moreover, in addition to detection, we explore the possibilities of
signal exploitation, and more specifically, localization. Although
some work on localization of a ferromagnetic target with known
parameters has been conducted [6], our work seeks to explore the
challenges involved in modeling the properties of a target in the
context of localization in magnetic WSNs. The theme of this paper
is to unify the problems of modeling, detection, and localization
of unknown ferromagnetic targets.
In this paper we also discuss the key practical issues that arise
when dealing with the implementation of magnetic WSNs, especially challenges presented by the magnetic sensors themselves.
In particular, issues such as sensitivity estimation and sensor
calibration, which are critical to the realization of a magnetic
sensing system, are discussed.
A brief description of the system architecture and the essentials
of MTS310CB magnetometer circuitry, especially in regards to

sensitivity estimation and sensor calibration via software, is presented in Section II. In Section III, the modeling of the ferrous test
target is discussed, followed by details of our detection algorithm
in Section IV. Sections V and VI present the methodology and
results of the localization and sequential localization algorithms
utilized, respectively. Section VII presents our conclusions and
vision for future work.
II. S YSTEM A RCHITECTURE
The ferromagnetic target detection and tracking system constructed for this work is composed of MICAz motes equipped
with MTS310CB [7] sensor boards, a gateway MICAz mote with
a MIB520 programming board from Crossbow Technology, and
a PC acting as the fusion center. Each MICAz mote is equipped
with an IEEE 802.15.4 compliant, Chipcon CC240 RF transceiver
and Atmega 128L micro-controller. The MTS310CB sensor board
includes a Honeywell HMC1002 2-axis magnetometer [8].
To program the MICAz motes, the open-source operating system
TinyOS-2.1.0 was used. A centralized tree-based network was
established using the Collection Tree Protocol (CTP) [9], [10]
implemented by the TinyOS Network Protocol Working Group
(Net2WG). For messages required for network-wide maintenance,
such as rebooting the network, the dissemination protocol, DRIP
[11], by Net2WG, was used.
A. Magnetometer Measurements
The Honeywell HMC1002 magnetometer is comprised of a
Wheatstone bridge, whose resistance changes according to the
magnetic field applied. The change in resistance, triggered by a
change in magnetic field, is measured by the MICAz’s analog-todigital converter (ADC) circuit, which converts the sensor output
into a 1024 bit ADC reading.
The ADC may be related to the applied magnetic flux as
follows. First, the differential output voltage of the magnetometer
is expressed in terms of the applied magnetic flux as [12]
Vdif f = S ∗ Vb ∗ Bs + Vof f set

(1)

where S is the sensitivity (mV/Vex /Gauss), Vb is the bridge supply
voltage (V), Bs is the magnetic flux applied to the bridge (Gauss),
and Voffset is the bridge offset voltage (mV). Here, the sensitivity
is an especially important factor as the precise sensitivity value
was seen in our experiments to vary from sensor to sensor. The
HMC1002 data sheet [8] states that the sensor sensitivity varies
between 2.5 to 4 mV/Vex /Gauss. However, due to individual
variations, the sensitivity must be estimated, as explained in more
detail in Section IV.

The differential output voltage Vdiff is then mapped to the full
span of the ADC using additional hardware on the MTS310CB
sensor board. In particular, Vdiff is amplified over two stages
and a potentiometer is used in a voltage divider configuration to
ensure that the amplification output is kept within the limit of the
ADC span. Our experiments show that one a unit of change in
potentiometer value offsets the ADC reading by 54 ADC counts,
a result that was also analytically validated as follows. The gain
of each amplifier stage is given as [13]
G1 = 5 +

80kΩ
80kΩ
=5+
= 29.242
RG1
3.3kΩ

(2)

G2 = 5 +

80kΩ
80kΩ
=5+
= 77.727
RG2
1.1kΩ

(3)

where RG1 and RG2 are the external resistors on the magnetometer
circuit for adjusting the gain of each amplifier.
Then the voltage difference at the input of the ADC is
VAB
∗ G2 = 2.0633 ∗ 77.727 = 160.37mV
(4)
256
where VAB = 0.5282 V is the maximum possible voltage difference across the potentiometer. Since the full-scale ADC output is
210 − 1 = 1023, spanned by a 3 V supply,
VADC =

VADC ∗ 1023
w 54 ADC counts
(5)
3000
Therefore, 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 as:
ADCtotal = ADC + 54 ∗ P otentiometerBias
which is then converted to Gauss:
ADCf ullscale
Vdif f ∗ Gtotal ∗
= ADCtotal
Vsupply

(6)

(7)

Here, Vsupply =3000mV, Vb =3V, ADCfullscale =1023, and
Gtotal =G1 *G2 ' 29*78=2262. Substituting the expressions
for Vdiff and ADCtotal into (7), the magnetic flux density
(henceforth, we will refer to the magnetic flux density in short as
"magnetic field") for either magnetometer axis may be found to
be
(ADC + 54 ∗ P otentiometerBias) Vof f set
−
(8)
Bs =
0.001 ∗ Gtotal ∗ ADCf ullscale ∗ S
Vb ∗ S
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HMC1002 sensor axis orientations for different sensors.

beyond these limits. To obtain reliable readings, we calibrated
the magnetometer by adaptively adjusting the potentiometers of
the X and Y axis so that the mid-scale readings remain around
512 ADC counts, and only considered readings within the range
of 250 to 750 as being reliable. For this purpose, we adapted a
magnetometer calibration algorithm [14] developed in TinyOS-1.x
to our application.
Table I
INA2126 O UTPUT S PECIFICATIONS
Output Voltage (V)
Positive
Negative

Condition
RL = 25kΩ
RL = 25kΩ

Min
(V+ )-0.9
(V- )+0.95

Typ
(V+ )-0.75
(V- )+0.8

Max

III. TARGET M ODELING
A. Magnetic Field Model
The iron bar (20 cm in height and 3.5 cm in diameter) used as
a test target in this study is a ferromagnetic target that causes a
disturbance in the Earth’s magnetic field at any distance in space.
This disturbance was modeled using a magnetic dipole moment
model [15], which describes the magnetic field B generated by a
point dipole of moment m at a distance r from the target as


µ0 1
µ0 3(m.r)r m
[3(m.b
r
)b
r
−
m]
=
−
(9)
B(r) =
4π r3
4π
r5
r3
where r is the L-2 norm of the vector r, b
r is the unit vector in
the r direction, and µ0 is the permeability of free space. (9) can
be rewritten in Cartesian coordinates as
µ0
4π

»

Bx (x, y, z) =

µ0
4π

»

By (x, y, z) =

µ0
4π

»

Bz (x, y, z) =

mx
3(mx x + my y + mz z)x
− 2
(x2 + y 2 + z 2 )5/2
(x + y 2 + z 2 )3/2

–

3(mx x + my y + mz z)y
my
− 2
(x2 + y 2 + z 2 )5/2
(x + y 2 + z 2 )3/2

–

3(mx x + my y + mz z)z
mz
− 2
(x2 + y 2 + z 2 )5/2
(x + y 2 + z 2 )3/2

–

(10)

(11)

(12)

B. Magnetic Sensor Axis Orientations

B. Model Validation

In the course of our experiments, it was observed that the
magnetic sensor axis orientations differed across sensors. Several
experiments were conducted to determine the orientation for each
sensor, the results of which are shown in Fig. 1.

The magnetic target model can be validated by comparing
magnetic sensor readings with the dipole field formulation results.
However, calculation of the experimental magnetic signal strength
requires estimation of sensor sensitivity. Perhaps the first approach
that comes to mind for estimating the sensitivity is to take
measurements under a known magnetic field, and estimate sensor
sensitivity jointly with the magnetometer bridge offset voltage.
However, since an absolute magnetic flux density is difficult to
reliably create, we took the following alternative approach: the
change in the ambient magnetic field reading by the sensor in
the presence of a specific target are recorded. Sensor sensitivity
is estimated jointly with the magnetic dipole parameters of that
specific target.

C. Magnetic Sensor Calibration
The INA2126 instrumentation amplifiers used in the magnetometer circuitry are not rail-to-rail, limited by the specifications
shown in Table I. This causes the signals to be clipped by the
instrumentation amplifier and inhibits use of the full span of the
ADC. For example, for a meaningful reading from Sensor 5,
the minimum and maximum ADC counts were observed to vary
between 203 and 774, with magnetometer saturation occurring

600

500
400
300
200
100
0
0.4
0.2
0
−0.2
−0.4

−0.3

Y−axis (m)

−0.1

0

0.2

400
200
0
−200
−400

0.3

0.2
0
−0.2
−0.4

X−axis (m)

400
200
0
−200
−400
−600
0.4

−600
0.4

−0.4

−0.3

0

0.2

0.3

0.2

0.1

0
−0.2
−0.4

Y−axis (m)

(a)

−0.1

−0.2

−0.1

0

0.1

0.2

(c)

Iron bar target magnetic dipole field. (a) magnitude, (b) x component, and (c) y component

Table II
PARAMETERS REQUIRED FOR SIGNAL MODEL VALIDATION
Analytical Inputs
x
y
mx
my
mz
z
Bdip formula

Since the model dependence on the unknown parameters is
nonlinear, a nonlinear least squares approach was used to estimate
the unknowns. The surface fitting tool in MATLAB, which allows
interactive surface fitting using linear or nonlinear regression, was
used to automate this procedure. Nonlinear least squares iteratively
converges to the optimal value given a good initial estimate. This
initial estimate was found by conducting an exhaustive grid search
using the mean square error (MSE) criterion.
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Table II shows the experimental and analytical parameters
required. The parameters shown in bold must be estimated, while
the remaining are known values. For the experimental data and
analytical model to match, the parameter vector [Sensitivity, mx ,
my , mz , z] must be estimated using either the X or Y axis
data, known locations of the target relative to the sensor, and the
magnetic dipole model.

Experimental Inputs
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The surface fitting tool offers two non-linear least squares
algorithms: Trust-Region, and Levenberg-Marquardt. Although the
Levenberg-Marquardt is a more popular algorithm, the TrustRegion algorithm can solve complex non-linear problems more
efficiently, and places constraints on the algorithm coefficients.
Thus, the Trust-Region option was preferred for this study. The
resulting estimate of the unknown parameter vector is shown
in Table III. The magnitude and orthogonal components of the
magnetic dipole field produced by the test target are shown in
Fig. 2. The plots in Fig. 3 show a good match between analytical
and experimental range profiles for the estimates obtained.
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Note that the sensitivity varies across sensors; thus, to ensure
correct measurements throughout the network, the sensitivity of
each sensor must be individually estimated. Leaving sensitivity as
the only unknown, the problem is reduced to a linear least squares
parameter estimation problem, whose results are shown in Table
IV.

(c)
Figure 3. Signal model validation for sensor 5, which compares the calculated
magnetic field in the x-axis with measurements. (a) X axis vs angles at 0, 45, 90,
and 135 degrees, (b) X axis vs. ranges at 30, 27.5, 25, 22.5, and 20cm, and (c) X
axis vs ranges at 17.5, 15, 12.5, 10, and 7.5cm

0.3

Table III
TARGET PARAMETER ESTIMATES
Parameter vector estimate using collected Sensor 5 magnetometer
X axis data over the ranges in Fig. 4
3 2
3
2
−0.002791
mx
4 my 5 = 4 −0.01634 5 Am2
0.1954
mz
X Axis Sensitivity: 3.243 mV/Vex /G
z: -0.0692 m
Goodness of Fit Metric: RMSE=10.07
Table IV
E STIMATED SENSOR SENSITIVITIES (mV /Vex /G)
Sensor No
X
Y

1

2

3

4

5

6

3.6564
2.9226

3.2893
2.7956

3.3912
2.8927

3.243
3.388

2.9396
2.6116

3.5688
2.7236

Figure 4. Experimental configuration for taking measurements and studying sensor
coverage. Blue circle at the center and the surrounding yellow squares represent
the target, and sensors, respectively. We take measurements at distances 7.5, 10,
12.5, 15, 17.5, 20, 22.5, 25, 27.5, 30 cm for each angular position from the target
position.

IV. TARGET D ETECTION
A. Sensor Coverage
The magnetic sensor coverage is highly correlated with the
target characteristics. To assess the variation of signal strength
with range and angle for the iron bar test target, the test setup
shown in Fig. 4 was constructed. The sensor was placed at each
grid point surrounding the test target located at a fixed position.
In this way, the spatial magnetic field variation was measured and
used to study target characteristics. Results showed that for the
test target in question, the field disturbance is almost undetectable
beyond a distance of 30 centimeters. Thus, the coverage for each
sensor was determined to be a circle of radius 30 cm, and sensor
placement for the target localization phase of this study was
designed accordingly.
B. Detection algorithm
As the target moves within the 30 cm sensing radius, the
magnetic field reading also increases. If, however, the sensor
is exposed to too large a magnetic field, the HMC1002 may
saturate, triggering a calibration requirement. Depending on sensor
sensitivity, when the target moves at a range of about 5-15
cm, the magnetometer saturates and calibration is required. We
emphasize that calibration does not depend on sensor network
topology, but relative distance between the target and sensor.
Hence, to prevent long term inhibition of detection and tracking
due to calibration intervals, and to sustain continual operation,
sensors are sparsely deployed and the target is allowed to move
in such a way that sensors read feasible values most of the time.
An important issue with the MTS310 board is that there is no
automatic saturation recovery circuit on the board. Hence, sensor
calibration is performed in software adaptively during run-time.
After calibration, the MICAz motes collect magnetic sensor
readings both along the X and Y axis. Conversion of the ADC
count reading to mGauss is performed according to (8), then the
magnetic energy is calculated as follows
M agneticEnergy (i) = (rx(i) − Ax )2 + (ry(i) − Ay )2

(13)

where for the ith sample, rxi is the observed magnetic field in
the X-axis, ryi is the observed magnetic field in Y -axis, Ax is the
ambient magnetic field along the X-axis, and Ay is the ambient
magnetic filed along the Y -axis.

The ambient magnetic field value must be stored to cancel
the offset created by environmental, as opposed to target-related,
factors. Under normal conditions, the ambient magnetic field of
the Earth measured at a certain location varies throughout the day
and is affected by other external variables such as temperature.
Thus, ambient magnetic readings are noisy and variable even over
the course of data collection for a single point. In this work, the
ambient is tracked by calculating a moving average baseline when
there is no target. Although the baseline cannot be tracked while
performing target detection, it is updated immediately after the
target moves outside the sensing radius, after which the system
continues to track the ambient field.
When the change in measured magnetic field is greater than the
detection threshold, the ambient utilized for subsequent detection
decisions is fixed at the most recent moving average value computed that excludes measurements containing any rapid changes
due to the target. During our experiments, we utilized a 1 mGauss
energy threshold for updating the ambient, and a 17 mGauss
energy threshold for target detection.
In summary, target detection is performed in two steps, as shown
in Fig. 5:
1) Detecting a change in the ambient magnetic field that
requires updating the stored ambient value.
2) Detecting the entry of the test target into the sensing radius.
V. C ENTRALIZED TARGET L OCALIZATION
Magnetic sensors can be used not just to detect the presence
of ferrous targets, but also to extract locational information. The
HMC1002 is a two-axis magnetometer that takes vector measurements. Consequentially, we could in principle localize the target
using just a single sensor. This potential is demonstrated for the
test target using a localization algorithm that uses a maximumlikelihood formulation to find unknown position parameters.
A. Maximum-Likelihood Estimation
The magnetic field measurements have been found to be well
modeled by the Gaussian distribution (using the distribution fit tool
of MATLAB), albeit with different variances for different sensors
and locations. We can thus construct a probabilistic model for
sensor observations, assuming that the measurement of each of
the N sensors is conditionally independent of the others, given

Target path

30cm

linear, the least-squares solution would have the noise covariance
matrix as a weighting factor, but from the above it can be seen
that the likelihood ratios lose the information about the data points
having different noise variance. Hence, instead of pursuing the ML
approach, we proceed to directly address this problem as a least
squares problem.
B. Least-Squares Estimation
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For least-squares estimation, rather than constructing a probabilistic model for the data, we shall make use of the magnetic
signal model. More specifically, our non-linear least-squares estimator will choose the parameter vector P such that the difference
between the magnetic signal model data and measurements is
minimized. Closeness will be measured by the following meansquared error objective function:

Target detection schematic.

J(P) =
the disturbance. More specifically,
rx(i) = Bx (x(i) , y (i) , z) + ηx(i) , ry(i) = By (x(i) , y (i) , z) + ηy(i)
where i = 1, 2...N , x, y, and z = −0.0692m are relative distances
(i)
between the target and each sensor in the respective directions, nx
(i)
and ny are the noise in X and Y axes that will be modeled as
(i)
(i)
zero mean Gaussian with variance σx and σy , respectively. All
noise terms are assumed independent.
Since sensor locations are known, the distance between each
sensor and the target can be expressed relative to the distance
between sensor 1 and the target. Then,
x(i) = x(1) + 4x(i) , y (i) = y (1) + 4y (i)
4x(i) and 4y (i) are the relative distances of sensor i (i =
2, 3, ..N ) to sensor 1 in the x and y coordinates. Therefore, the
target localization problem turns into the estimation of x(1) and
y (1) . The likelihood function can be written as;

N
Y
i=1

(

1
(i) (i)
2πσx σy

p(rx1 , ry1 , rx2 , ry2 , ..., rxN , ryN |x(1) , y (1) ) =
(
))
(i)
(i) 2
(i)
(i) 2
(rx − Bx )
(ry − By )
exp −
−
(i)2
(i)2
2σx
2σy

After maximizing the log-likelihood functions with respect to
x(1) & y (1) , we have the following:
N
N
(i)
(i)
X
X
∂Bx
1
∂By
1
[ (1) (i)2 ][rx(i) − Bx(i) ] +
[ (1) (i)2 ][ry(i) − By(i) ] = 0
∂x σx
∂x σy
i=1
i=1
N
N
(i)
(i)
X
X
∂Bx
1
∂By
1
(i)
(i)
[ (1) (i)2 ][rx − Bx ] +
[ (1) (i)2 ][ry(i) − By(i) ] = 0
∂y
∂y
σx
σy
i=1
i=1

The ML estimates x̂(1) and ŷ (1) are values that satisfy each of
the following 2N equations:
rx(i) − Bx(i) = 0, ry(i) − By(i) = 0
As expected, this system is over-determined and these equations
will be inconsistent. A least-squares solution [16] can be found,
however, as the equations are non-linear, there is no simple closedform expression for the least-squares solution. If the problem was

N
o
1 X n (i)
(rx − Bx(i) (P))2 + (ry(i) − By(i) (P)))2 (14)
N i=1

Pest =

argmin

{J(P)}

(15)

P ∈T argetQuadrant

The parameter vector Pest that minimizes the objective function
J(P) subject to being in the same quadrant as target, gives us the
least-squares estimate.
Simulated annealing [17] is one of several possible least-squares
methods that can be used to solve global optimization problems
which arise in target localization. It is a meta-heuristic algorithm
inspired by physical annealing in metallurgy, which is a thermal
process for obtaining low energy states of a solid material. For
the algorithm to respond as fast as possible, the parameter vector
should possess a limited search space. In this work, we selected
a localization resolution of 1cm, resulting in 30x30=900 possible
target locations. Algorithm parameters were selected empirically.
The starting temperature was set to 100 and cooling rate to
0.99. Algorithm terminated after reducing the temperature for 300
successive iterations or when the magnetic energy change from
one iteration to the next was below 0.5. At each iteration, 10
neighbouring states were examined and the objective function in
(14) was evaluated. It is observed that the algorithm terminated
after a few tens of milliseconds.
Localization performance is obtained via mean localization error
Eloc :
N q
1 X
(i)
(i)
Eloc =
(Xest − Xactual )2 + (Yest − Yactual )2 (16)
N i=1
We calculated Eloc using four sensors to localize the target at the
ranges 10, 15, 20, 25, and 30 cm and at angles 0, 45, 90, 135,
180, 225, 270, and 315 degrees. As shown in Fig. 6, the mean
localization error decreases with decreasing range, which can be
considered as increasing SNR.
VI. S EQUENTIAL L OCALIZATION
To test the target model, localization algorithm, sensor sampling
frequency and network functionality when the target is moving, a
test setup comprised of four sensor nodes and a gateway node was
connected to the PC as shown in Fig. 7. Then, the localization
was applied sequentially at fixed time intervals, while the test
target was slowly moved through the network coverage region.
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Figure 6. Mean localization error. The bars represent the ±1/2 standard deviation.

Figure 7.

Wireless sensor network test setup.

To track the motion as closely as possible, the sensor calibration
and baseline averaging required must be performed as quickly as
possible. Towards this aim, the sampling rate was set at 128 Hz.
Moreover, we assume that the target moves smoothly within the
coverage region, and that the target may start and stop, but does
not spend long amounts of time in a single location. For a target
velocity of about 5 cm/s, we set the sampling rate to 4 Hz during
the normal data acquisition period. In Fig. 8, a sample run of
sequential localization of a moving target is shown.
Thus, for slow-moving targets with a speeds less than 5 cm/s,
the magnetic sensor network is able to successfully localize mobile
targets with a mean error of 3.6 cm for targets at the detection
limit.
VII. C ONCLUSIONS AND F UTURE W ORK
In this work, we presented a comprehensive approach for the
modeling of ferromagnetic targets, and summarized important
issues relating to the practical implementation of magnetic WSNs.
Performance of the WSN was examined in the context of the
detection and localization of ferromagnetic targets. Moving object
tracking is an important application of WSNs. In future work,
we intend to explore tracking performance and energy efficiency
of more sophisticated tracking algorithms, such as Kalman filter
based methods and particle filtering. In particular, we intend to
use the magnetic sensor network developed in this work as a
experimental test bed for investigation energy-efficient tracking
algorithms for randomly distributed sensor networks, addressing
the practical considerations of sensor fusion and overcoming the
challenges presented by sparsity. The results of this work can also
be extended to applications involving vehicle tracking and target
classification.
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Figure 8. Target tracking with sparsely deployed wireless sensor network via
sequential localization. Sensors are sparsely deployed as each one can localize
target individually. Red circles represent 30cm magnetic coverage, solid light gray
lines are the actual target path whereas dashed blue lines are the estimated target
path. See Fig. 6 for the mean and std. in localization error which varies with the
relative distance between the target and sensor.
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