
Article Not peer-reviewed version

Localization of Buried Ferromagnetic

Targets Using a Rotating Magnetic

Sensor Array with a Joint Optimization

Algorithm

Zifan Yuan , Xingen Liu , Changping Du , Mingyao Xia *

Posted Date: 11 November 2025

doi: 10.20944/preprints202511.0659.v1

Keywords: target magnetic anomaly; multiple targets localization; magnetic sensor array; rotating

measurement platform; joint optimization algorithm

Preprints.org is a free multidisciplinary platform providing preprint service

that is dedicated to making early versions of research outputs permanently

available and citable. Preprints posted at Preprints.org appear in Web of

Science, Crossref, Google Scholar, Scilit, Europe PMC.

Copyright: This open access article is published under a Creative Commons CC BY 4.0

license, which permit the free download, distribution, and reuse, provided that the author

and preprint are cited in any reuse.

https://sciprofiles.com/profile/4632454
https://sciprofiles.com/profile/3328065
https://sciprofiles.com/profile/738839
https://sciprofiles.com/profile/1996973


Article

Localization of Buried Ferromagnetic Targets Using a
Rotating Magnetic Sensor Array with a Joint
Optimization Algorithm
Zifan Yuan , Xingen Liu, Changping Du and Mingyao Xia *

School of Electronics, Peking University, Beijing 100871, China
* Correspondence: myxia@pku.edu.cn

Abstract

Buried ferromagnetic targets, such as unexploded ordnance, generate an additional magnetic field 
to the main geomagnetic field, which manifests as a magnetic anomaly signal for localization. This 
paper presents an alternative scheme for the localization by using a rotating magnetic sensor array 
and a joint optimization algorithm. Multiple magnetic sensors are integrated into an automated 
rotating measurement platform to achieve efficient and convenient data a cquisition. To solve the 
target’s position coordinates, we combine the quantum particle swarm optimization (QPSO) with the 
genetic algorithm (GA) to develop a joint optimization algorithm, named QPSO-GA. It incorporates 
the advantages of rapid convergence and local refined search of QPSO with the advantages of global 
exploration and diversity preservation of GA. Field experiments demonstrate that the proposed 
measurement system and algorithm achieve an average localization error less than ten centimeters in a 
multi-sensors for multi-targets scenario within a 4 m × 4 m survey area, meeting general application 
requirements.

Keywords: target magnetic anomaly; multiple targets localization; magnetic sensor array; rotating 
measurement platform; joint optimization algorithm

1. Introduction
Buried ferromagnetic targets, such as unexploded bombs, mines and artillery shells, pose a severe

and multi-dimensional threat to human safety, ecological systems, and economic development due
to their long-term latent presence and unpredictable risk of detonation [1,2]. Magnetic detection
technology, which operates passively, is highly sensitive to ferromagnetic materials and remains
unaffected by hydrological conditions. These advantages make it particularly suitable for locating
ferromagnetic objects [3–6]. To achieve the localization, one or multiple magnetic sensors are deployed,
or a magnetic gradient tensor (MGT) system is utilized.

A MTG system is composed of fixed sensor arrays in two or three dimensions, acquiring magnetic
field data through row scanning. In [7], a closed-form solution for location of a magnetic dipole was
derived based on measured vector magnetic field and magnetic gradient tensor. A magnetic dipole
inversion approach based on the geometric invariants of the MGT was proposed in [8]. To avoid errors
caused by attitude variations, a localization model was constructed utilizing the rotation-invariant
property of MGTs in [9]. In [10], a second-order MGT system integrated with Euler deconvolution
algorithm was presented to estimate the coordinates of a magnetic dipole source. For more accurate
target localization, an improved magnetic field tilt angle estimate along with an adaptive fuzzy
c-mean clustering algorithm was reported in [11]. MGT systems can acquire rich magnetic field
structural information and possesses strong anti-noise ability, which are conducive to target localization.
However, MGT systems are relatively high-cost because of integrating many sensors and usually
hard to calibrate. MGTs are commonly used to detect relatively near target, as the spacing of sensor
elements should be comparable with the distance to target.
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There are many detection methods based on using data from single or multiple magnetic sensors
mounted on airborne or ground platforms [12–15]. Parameters needing to be estimated usually include
target’s position and magnetic moment. Both direct solution approaches and optimization-based
algorithms have been developed. Direct methods realize target parameter inversion by constructing
and solving linear equations. Based on total field data, a fast linear algorithm was implemented
in [16], while Euler deconvolution methods were employed in [17,18]. However, direct methods
if involving differential operations or matrix inversions are typically sensitive to noise, potentially
causing reduced solution accuracy. In contrast, optimization algorithms estimate parameters by
constructing and minimizing an objective function related to the magnetic anomaly field associated
with target location and magnetic moment. Commonly used optimization algorithms include the
particle swarm optimization algorithm [19], the Levenberg-Marquardt algorithm [20], the genetic
algorithm [21], and the simulated annealing algorithm [22]. The choice of optimization algorithm also
affects the accuracy of estimated parameters. In addition, the aforementioned direct and optimization
methods solve the target’s positions and magnetic moments simultaneously. If the magnetic moments
can be eliminated from the linear equations, the position parameters can be more accurately estimated.
By using multiple sensors, we can adjust their spacing for detection of targets at different distances to
achieve distinguishable magnetic anomaly signals.

In this study, we present an alternative measurement setting and optimization algorithm for
localization of buried magnetic targets. In considering the low efficiency and poor stability of row
scanning by moving the sensors on uneven ground, we adopt rotating scanning measurement. To
reduce the number of unknowns and extract more accurate target’s position, we eliminate the magnetic
moments and geomagnetic field from the modeling equations. A joint optimization algorithm is
developed to solve the target’s coordinates by combining the quantum particle swarm optimization
(QPSO) with the genetic algorithm (GA), named QPSO-GA. It incorporates the advantages of rapid
convergence and local refined search of QPSO with the advantages of global exploration and diversity
preservation of GA. We will conduct field experiments to demonstrate the feasibility.

The paper is organized as follows, Section 2 describes the specific details of the magnetic anomaly
signal model and QPSO-GA joint algorithm. Section 3 presents the validation results from the simula-
tion and field experiments. Finally, Section 4 gives some concluding remarks.

2. Positioning Method
2.1. Magnetic Anomaly Signal Model

Our measurement setting utilizes an automatic rotating track made of non-magnetic material as
the sensor platform. Multiple fluxgate sensors are integrated onto this platform to acquire magnetic
field data via a rotating scanning approach. Figure 1 illustrates four sensors and two targets for
localization. A coordinate system is established with the center of the rotating platform as the
origin. The x-axis is aligned with geographic north, the y-axis points eastward, and the z-axis is
perpendicular downward. If the distance between the sensor and the target exceeds three times the
target’s dimensions, the target can be regarded as a magnetic dipole [23]. Assuming that there are L
sensors, and Q targets to be detected. The vector magnetic anomaly signal generated by the jth target
at the nth measurement point is measured by the ith sensor is

B(n)
Sij =

µ

4π

3R(n)
ij (R(n)

ij ·Mj)∣∣∣R(n)
ij

∣∣∣5 −
Mj∣∣∣R(n)
ij

∣∣∣3
 = F(R(n)

ij ) ·Mj (1)

F(R(n)
ij ) =

µ

4π

3R(n)
ij R(n)

ij −
∣∣∣R(n)

ij

∣∣∣2I∣∣∣R(n)
ij

∣∣∣5 (2)
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Figure 1. Schematic of four magnetic sensors used for ferromagnetic targets detection.

where µ = 4π × 10−7 H/m is the vacuum permeability, Mj is the jth target magnetic moment,

R(n)
ij = r(n)mi − rsj is the distance vector between jth target and ith sensor at the nth measurement point,

r(n)mi is the nth measurement point coordinate of the ith sensor, respectively, provided by the GPS
module. rsj is the jth unknown target coordinate to be solved, and I is the unit dyad.

The scalar magnetic field generated by the magnetic anomaly target can be defined as the projec-
tion of the vector magnetic field onto the direction of the geomagnetic field, expressed as

B(n)
Sij =

∣∣∣T + B(n)
Sij

∣∣∣− |T| ≈ T̂ · B(n)
Sij , (i = 1, ...L, j = 1, ...Q). (3)

where T is the local geomagnetic field and T̂ is its directional vector with respect to the platform
measured by the sensor.

The magnetic anomaly signal sequence measured by L sensors at the nth measurement point can
be expressed as

B(n)
S =


B(n)

S1
...

B(n)
SL

 = FS(r
(n)
m , rs) ·MS (4)

FS(r
(n)
m , rs) = Tall ·


F(r(n)m1 , rs1) · · · F(r(n)m1 , rsQ)

...
...

F(r(n)mL, rs1) · · · F(r(n)mL, rsQ)

 (5)

MS = [M1, ..., MQ]
T (6)

where B(n)
Si = ∑Q

j=1 B(n)
Sij (i = 1, ...L) is the sum of magnetic anomaly signals generated by all targets

measured by the ith sensor. Tall is an L × 3L block diagonal matrix, where each diagonal block is the 1
× 3 vector T̂.

In real-world environments, the total magnetic field measured by sensors at the nth measurement
point includes not only magnetic anomaly signals B(n)

S but also the local geomagnetic field T and the
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other magnetic noises B(n)
noi. Therefore, the total magnetic field sequence containing all measurement

points can be expressed as
Btotal = BS + T + Bnoi (7)

Based on the parity of sampling point indices, Btotal is divided into two subsets: the magnetic
field measured at odd-indexed points is denoted as Bodd, and that measured at even-indexed points is
denoted as Beven.

Bodd = FS(rmo, rs) ·MS + T + Bnoi_o (8)

Beven = FS(rme, rs) ·MS + T + Bnoi_e (9)

where rmo is the coordinate sequence corresponding to the odd measurement points, and rme is
corresponding to the even measurement points. To make the anomaly signal and the geomagnetic
field comparable in magnitude, we intentionally introduce a reference value Bref = 50, 000 nT, and
T = (Bref + ∆T)E, where E is a unit column vector, so (8) can be written as

Bodd − BrefE = FS(rmo, rs) ·MS + ∆TE + Bnoi_o (10)

∆Bodd = Ftotal(rmo, rs) ·
[

MS

∆T

]
+ Bnoi_o (11)

where Ftotal(rmo, rs) =
[

FS(rmo, rs) E
]
. Similarly,

∆Beven = Ftotal(rme, rs) ·
[

MS

∆T

]
+ Bnoi_e (12)

Combine (11) and (12) to eliminate magnetic moment MS and geomagnetic field ∆T to obtain the
expression that only includes the target coordinates

∆Beven = Ftotal(rme, rs) · [Ftotal(rmo, rs)T · Ftotal(rmo, rs)]
−1 · Ftotal(rmo, rs)T · ∆Bodd (13)

= G · ∆Bodd (14)

2.2. QPSO-GA Joint Algorithm

To solve the target’s coordinates, we propose a QPSO–GA joint algorithm that integrates the
strengths of quantum-behaved particle swarm optimization (QPSO) [24,25] and genetic algorithm
(GA) [26,27]. QPSO excels in local refined search and rapid convergence, while GA demonstrates
outstanding performance in global exploration and diversity maintenance. In the proposed joint
strategy, QPSO is first employed to achieve rapid convergence and local optimization; Subsequently,
genetic operators (selection, crossover, and mutation) from GA are introduced to reorganize and
optimize the particle swarm, thereby enhancing global search capability and improving the overall
solution accuracy. By effectively integrating the core mechanisms of both algorithms, this approach
enhances reliability and robustness, outperforming either algorithm alone in convergence speed, global
search capability, and convergence accuracy. A detailed description of this algorithm is provided as
follows.

1) Fitness Function: In optimization problems, it is necessary to construct a fitness function to
evaluate the quality of solutions. According to equation (14), the residual vector E is defined as the
difference between the actual value ∆Beven and the predicted value G · ∆Bodd. This residual is used to
quantify the prediction error, thereby guiding the optimization process. The optimization algorithm
uses the standard deviation (STD) of E as the fitness function, and its expression is as follows

Fit =

√
1

N − 1

∥∥∥∆Beven −G · ∆Bodd

∥∥∥2

2
(15)
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where N is the is the total number of measurement points in the odd/even sequence. We need to
search for the target’s coordinates rs within the specified range to minimize the Fit value.

Algorithm 1: QPSO-GA joint algorithm
Input: Number of particles Np, number of iterations Nger, dimension D, upper and lower

bounds ub and lb, fitness function Fit
Output: Best solution gbest

Initialize population positions x and velocities v;
Set personal bests pbest = x;
Evaluate Fit of pbest by (15) and set global best gbest;
for k = 1 to Nger do

Update inertia weight wt by (18);
Update velocities v using pbest and gbest by (17);
Update positions x = x + v by (16);
Clip x to [lb, ub];
Select subset idxq;
foreach j in idxq do

Compute attractor P from pbest(j) and gbest (19);
Update position of particle j by (21);
Clip x(j) to [lb, ub];

Select top Ne elites;
Generate children by crossover and mutation (22), (23), (24);
Replace worst particles with children;
Evaluate all particles by (15);
Update pbest and gbest if improved;

return g;

2) Algorithm Update Strategy: During the iterative process of the joint algorithm, the implementa-
tion steps are as follows: in each iteration, particle positions are first updated using the quantum leap
operation from QPSO to enable efficient optimization, as described in equations (16) to (21). Subse-
quently, genetic operations from the GA (including selection, crossover, and mutation) are introduced
to reorganize and perturb the population, as specified in equations (22) to (24). Let Np denote the
number of particles, Nger the maximum number of iterations, and D the dimensionality of the problem
(in this paper, D = 3). The variables ub and lb represent the upper and lower bounds of the search
range, respectively. The position of the ith particle in the kth generation is denoted as xk

i ∈ RD, and
individual best position (pbest) is denoted as pk

i and population best (gbest) is gk.
Firstly, we employ the parameter update strategy of QPSO. The particle positions are updated by

xk+1
i = xk

i + vk+1
i (16)

vk+1
i = wt vk

i + cp b1 · (pk
i − xk

i ) + cg b2 · (gk − xk
i ) (17)

where vk
i ∈ RD is the velocity of the ith particle at the kth generation, b1, b2 ∈ [0, 1]D are random

vectors, cp and cg are individual learning factor and group learning factor, respectively, and wt is a
constant linear descent to balance global or local search

wt = wmax − (wmax − wmin) ·
k

Nger
(18)
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The particle potential well center attractor is then calculated

Pk
i = ϕ pk

i + (1− ϕ) gk, ϕ ∈ (0, 1) (19)

Quantum leap operation further update location parameters

mbestk =
1

Np

Np

∑
j=1

pk
j (20)

xk+1
i = Pk

i ± αk
∣∣mbestk − xk

i
∣∣ · ln(1./u

)
(21)

where u ∈ (0, 1)D, αk has an initial value of 1 and decays generation by generation.
Subsequently, elite crossover and mutation operations of the GA are employed to enhance

diversity. The Ne elite individuals, selected and ranked according to the fitness values of their personal
best positions (pbest), will undergo arithmetic crossover operations in randomly assigned pairs.

child1 = β · pa + (1− β) · pb (22)

child2 = β · pb + (1− β) · pa (23)

where β ∈ [0, 1]D is a randomly generated weighting vector, and pa and pb represent two parent
generations. Gaussian perturbation is then applied to each dimension of the offspring with mutation
probability pmut

child← child +N
(

0, (σ · (ub− lb))2
)

(24)

where σ is the standard deviation of the mutation. The newly generated offspring then replace the
worst-performing individuals in the current population xk+1

i , thereby preserving high-quality solutions
while enhancing diversity.

The pseudocode for the joint algorithm is shown in the Algorithm 1. In this study, the dimension
D is 3, the number of particles Np is 500, the number of iterations Nger is 30, wmax is 0.9, wmin is 0.4, cp

and cg are 0.5, pmut is 0.15, and σ is 0.05, which are the optimal determination by try-and-error.

3. Experiment Validation
3.1. Simulation Experiments

To verify the effectiveness of the proposed method, we conducted some numerical experiments. In
simulation experiments, the rotational measurement plane is defined at z = 0, with the z-axis oriented
vertically downward. Each experiment generates 4 full rotation cycles, with 200 measurement points
per cycle. The magnetic anomaly signal is simulated using (4), and Gaussian white noise is added at a
specified signal-to-noise ratio (SNR). The SNR is defined as SNR = 20 ∗ log10(S/N) dB, where the S
and N are the peak-to-peak values of the signal and noise. The inclination and declination angles of
the target vary uniformly within the ranges [0◦, 180◦] and [0◦, 360◦], respectively, and the magnetic
moment magnitude ranges from 5 to 15 A·m2. The detection region is bounded by x ∈ [−2, 2]m,
y ∈ [−2, 2]m, and z ∈ [0, 2]m. The target coordinates is randomly and uniformly distributed within
this area.

To evaluate the impact of the number of sensor nodes on the localization accuracy of a single
target, a series of Monte Carlo simulations were conducted at SNR of 5 dB, as shown in Figure 2. In the
experiment, sensors were uniformly distributed along radial lines extending from the rotation center
within a 4 m × 4 m area. Figure 2 (a) and Figure 2 (b) present the positioning errors averaged over 1000
trials in the x-direction and z-direction, respectively. Since the error distribution in the y-direction is
similar to that in the x-direction, the y-direction error is not displayed. Figure 2 (c) shows the relative
magnetic moment error calculated by inversion based on the positioning results. The results indicate
that as the number of sensor nodes increases, both the localization error and the magnetic moment
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error gradually decrease. With four sensor nodes, the average positioning errors in the x-direction and
z-direction are 0.03 m and 0.02 m, respectively, and a relative magnetic moment error of 3.47%. Before
the number of nodes reaches four, the errors decrease rapidly; thereafter, the error decreases slowly.
Therefore, in a 4 m × 4 m area, using four nodes for localizing the target is most appropriate.
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Figure 2. Average errors with different quantities of sensor nodes for single-target positioning in the survey area
of 4 m × 4 m. (a) Localization errors in the x-direction. (b) Localization errors in the z-direction. (c) Relative errors
of the estimated target magnetic moment.

In Figure 3, we performed 1000 Monte Carlo simulations at each SNR to compare the performance
of our algorithm with other algorithms. The algorithms used for comparison are: the quantum particle
swarm optimization (QPSO) and the genetic algorithm (GA), both of which estimate target coordinates
with the proposed fitness function. Additionally, without eliminating magnetic moments, a variant
of the QPSO-GA algorithm, denoted as QPSO-GA-M, is applied to simultaneously estimate both the
target coordinates and magnetic moments. In this setup, four sensors are used to detect a single target,
positioned at distances of 0.5 m, 1 m, 1.5 m, and 2 m from the center of rotation, respectively. The
average positioning errors in the x-direction and z-direction are shown in Figure 3(a) and Figure 3(b).
Experimental results show that the proposed algorithm achieves the smallest estimation error among
all comparison methods, particularly at low SNRs. Compared to the QPSO-GA-M algorithm, the
proposed method significantly reduces errors, demonstrating the benefit of reducing the number of
unknowns by eliminating the magnetic moment. Furthermore, across all SNR levels, the proposed
algorithm consistently outperforms both QPSO and GA algorithms, confirming its effective integration
of the strengths of both algorithms to achieve higher estimation accuracy and stronger robustness.
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Figure 3. Average errors of different algorithms for single-target positioning using four sensors at varying SNRs
in a 4 m × 4 m survey area. (a) Localization errors in the x-direction. (b) Localization errors in the z-direction.

In multi-target localization tasks, the number of sensors and targets are both critical factors
influencing localization accuracy. To systematically investigate the relationship between these factors,
we designed a simulation experiment as shown in Figure 4, which includes multiple configuration
schemes, such as one sensor detecting one to four targets, two sensors detecting one to four targets,
and so forth. For each sensor-target configuration, 1000 Monte Carlo experiments were conducted.
Figure 4(a) and Figure 4(b) present the average localization errors in the x- and z-directions, respectively.
The results indicate that when the number of sensors is fixed, the localization error increases with the
number of targets; conversely, when the number of targets is fixed, the error decreases as the number
of sensors increases. Overall, higher localization accuracy is achieved when the number of sensors
exceeds the number of targets. To ensure optimal performance, it is recommended to use at least two
more sensors than the number of targets.
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Figure 4. Average localization errors using the proposed algorithm for varying numbers of sensor nodes and
targets in a 4 m × 4 m area. (a) Localization errors in the x-direction. (b) Localization errors in the z-direction.

3.2. Field Experiments

The field experiment was carried out in the suburbs of Beijing, selected for its minimal environ-
mental electromagnetic interference, as shown in Figure 5. The measurement platform consists of
four core components: an automatically rotating non-magnetic track, four Bartington Mag649FLL
fluxgate sensors, a Real-Time Kinematic (RTK) base station, and a wireless communication module.
The sensors were mounted on the track to collect three-axis magnetic field data, attitude angles, and
GPS positioning information. The RTK base station provided high-precision reference coordinates
to enhance the positioning accuracy of the sensor nodes, while the wireless communication module
facilitated data transmission and command distribution between the host computer and the sensors.
During rotation, the magnetic field data and GPS information collected by the sensors at different
positions were transmitted in real-time to the host computer, ensuring data synchronization and
integrity.

Target

Sensor 2
Sensor 1

Sensor 3

Sensor 4
X

Z

Y

O

RTK base station

wireless communication

Figure 5. Scene photograph of the field experiment for localizing a single target.

Firstly, we performed an experiment for localizing a single target. The experimental setup is
illustrated in Figure 5. The target was a circular iron block with a diameter of approximately 5 cm,
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placed directly on a flat ground surface for ease of placement and positioning. A coordinate system
was established with the rotation center as the origin O: the x-axis aligned with geographic north, the
y-axis pointing east, and the z-axis is perpendicular downward, with the rotational measurement plane
corresponding to z = 0. The measurement area was set to x ∈ [−2, 2]m, y ∈ [−2, 2]m, and z ∈ [0, 2]m.
The target was located at coordinates (-1.1, 0, 0.85) m. Magnetic field data were collected through six
rotations to support subsequent localization analysis.

Figure 6 shows a segment of the total magnetic field measured by four sensor nodes in the single-
target localization experiment, containing two complete cycles. The measured magnetic field exhibits
distinct periodic variations with relatively clear anomaly signals. Figure 7 illustrates the estimated
target positions obtained by different algorithms. It can be observed that the coordinates estimated
by the proposed algorithm are closest to the true target position compared to other algorithms. The
corresponding localization errors are summarized in Table 1. Our algorithm achieves localization
errors of less than 0.06 m in the x-, y-, and z-directions, outperforming the other compared algorithms
and highlighting the effectiveness and advantage of the joint algorithm in real-world detection.
Furthermore, the target magnetic moment obtained through inversion is 10.519 A·m2, and its relative
error can be evaluated with reference to the error statistics of magnetic moment estimation from the
simulation experiments.
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Figure 6. The real measured total magnetic fields by four sensor nodes in the single-target localization experiment.

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 11 November 2025 doi:10.20944/preprints202511.0659.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202511.0659.v1
http://creativecommons.org/licenses/by/4.0/


11 of 15

Figure 7. Localization results by different algorithms for a single target in the real-world field experiment. Black
points denote measurement points of Sensors. The black asterisk marks the true target position; the red asterisk
indicates the estimated position using the proposed QPSO-GA algorithm; the light blue asterisk shows the result
of the QPSO-GA-M algorithm; blue and green asterisks represent estimates from the QPSO and GA algorithms,
respectively.

Table 1. Positioning errors for a real target using different algorithms in a 4 m × 4 m area.

Algorithms Position estimation (Unit: m) Positioning error (Unit: m)

x y z ∆x ∆y ∆z

QPSO-GA -1.048 -0.043 0.815 -0.052 0.043 0.035
QPSO -1.037 0.051 0.804 -0.063 -0.051 0.046

GA -1.024 0.068 0.793 -0.076 -0.068 0.057
QPSO-GA-

M -1.236 -0.120 0.746 0.136 0.120 0.104

Subsequently, we carried out an experiment for localization of two targets. Figure 8 shows the
experimental scene, where the coordinates of the two targets are (1.0, -0.2, 0.85) m and (-0.55, 0.85,
0.85) m, respectively. Figure 9 displays a segment of the measured total magnetic field, containing
two cycles. Compared to the single-target case, the magnetic field within each cycle exhibits multiple
superimposed peak characteristics. Figure 10 presents the corresponding localization results, indicating
that the estimated positions are close to the true target positions. The localization errors for the two
targets are summarized in Table 2. In the 4 m × 4 m measurement area, the average localization errors in
the x-, y-, and z-directions are all less than 10 centimeters, demonstrating that the proposed algorithm
can accurately estimate target positions in practical multi-target localization tasks. Compared to the
single-target localization case, the error increases slightly, primarily due to the increased number of
unknown parameters to be estimated.

Table 2. Positioning errors for two real targets using the proposed algorithm in a 4 m × 4 m area.

Targets True position (Unit: m) Estimated position (Unit: m) Estimated magnetic moment

x y z x y z (Unit: A·m2)

Magnet 1 1.000 -0.200 0.850 1.087 -0.121 0.785 10.687
Magnet 2 -0.550 0.850 0.850 -0.639 0.768 0.782 10.803

Average error 0.088 0.081 0.067 -
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Figure 8. Scene photograph of the field experiment for localizing two targets.
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Figure 9. The real measured total magnetic fields by four sensor nodes in the two target localization experiment.
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Figure 10. Localization results for two targets using the proposed algorithm in the real-world field experiment.
Black points denote measurement points of Sensors. The blue asterisk and pentagram mark the true target
positions of targets; the red asterisk and pentagram indicate the estimated positions.

4. Concluding Remarks
This paper proposes an alternative scheme for locating buried magnetic targets based on a rotating

magnetic sensor array and a joint optimization algorithm. Given the instability and inefficiency of row
scanning mode on rugged terrain, we adopt a rotating scanning measurement approach. To reduce the
number of unknown parameters and improve positioning accuracy, the magnetic moment and the
geomagnetic field are eliminated during the modeling process. To further enhance the accuracy of
target position estimation, we integrate the Quantum Particle Swarm Optimization (QPSO) algorithm
with the Genetic Algorithm (GA), proposing a joint optimization algorithm named QPSO-GA. This
algorithm combines the fast convergence and local refinement capabilities of QPSO with the global
exploration and population diversity advantages of GA. Simulations and field experiments were
conducted to comprehensively evaluate the localization performance of the proposed scheme. The
results demonstrate that within a 4 m × 4 m measurement area, the proposed measurement setting and
algorithm achieve an average localization error of less than 10 centimeters in multi-sensor, multi-target
scenarios, meeting general application requirements. Furthermore, the measurement setting can be
deployed on low-magnetic unmanned platforms, making it suitable for large-scale rapid scanning and
mapping tasks. For high-precision detection of small targets, replacing fluxgate sensors with optical
pump magnetometers can further enhance measurement accuracy.
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