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ABSTRACT In human-machine-interface study, recognition of conscious human motion by contactless
passive magnetic marked method can provide abundant information, such as PM marked tongue-machine-
interface (TMI). However, solution of this nonlinearmagnetic inverse problem heavily relies on initialization.
This paper takes advantage of the motion characteristics constrained by physiological structure, and develops
an enhanced algorithm for real-time full-pose passive magnetic localization in TMI application. In the
proposed algorithm, a predetermined-discretized database is introduced, and provides reliable initializations
for the nonlinear magnetic localization problem. This database presents the connotative relationships
between the location and orientation of passive magnetic source, termed location-orientation mapping
database (LOMD). The influence of initialization and LOMD constitution on solving the nonlinear inverse
magnetic problem are studied through extensive simulations. Test bench evaluations are conducted on the
designed experiment system. The experiment results show that about 38.5 % localization improvement can
be achieved with a real-time tracking frequency up to 56.5 Hz.

INDEX TERMS Magnetic localization,magnetic dipole, non-linear optimization, tongue-machine-interface.

I. INTRODUCTION
In diagnose of physical motor function disorder related to
organs or tissues, such as limb, finger or tongue, accurate
motion monitoring can provide important information for
treatment. For instance, capture of tongue kinematics [1]
provides a proper way to study and evaluate diseases related
to motor speech disorders, such as dysarthria [2] or dys-
phagia [3]. During the stroke rehabilitation treatment, it has
been proved that the plasticity of corticospinal system is
greatly affected by motor trainings [4], [5]. Specifically, fin-
ger motion tracking during the rehabilitation treatment can
provide quantifiable evaluation for treatment effect and relia-
bility criterion for phase judgement [6], [7]. Besides, physical
motor tracking can create a basis for developing an efficient
interface between individuals who lost self-care abilities and
the environment [8], [9], such as hand trajectory gesture
recognition [10] or tongue-machine-interface (TMI) [11],
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[12] for potentially environment control. Compared with
other non-contact tracking technologies [13], such as optical
sensing or ultrasonic sensing, the noninvasivemagnetic track-
ing begins to attract the interests of researchers in medicine
applications recently [14, 15], taking advantages of similar
magnetic permeability of human body with the free space and
high safety without side-effects or biomechanical reaction.

The passive permanentmagnet (PM) basedmagnetic track-
ing method can provide higher excited magnetic fields in
a smaller form-factor than electromagnetic source without
requirement for power supply. All of these features make
it more suitable to perform tracking task in short-distance
medicine applications [14]. With the help of magnetic sens-
ing system, immediate magnetic field distribution (MFD)
on the position monitored by sensor can be known, which
is mixture of MFD from the marked PM and environment
noise. In recent years, successful tongue motion tracking
has been applied in cursor control [16], text typing [17],
[18] or mobile device navigating [19], [20] by attaching a
magnet or ferromagnetic marker on the apex of the tongue,
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and both intraorally and out orally. However, limited feature
commands are classified from the measuredMFD signals and
utilized in these researches.

Directly computing the PM location and orientation with
magnetic sensing system measurements and formulated for-
ward MFD model, referred to as inverse magnetic problem
solving [21]. This can provide intuitive control signals, where
the suppleness and flexibility of the tongue can be fully
exploited. However, due to the ill-posedness and nonlinear-
ity of this inverse problem, time-consuming iterative algo-
rithms, redundant measurements and reliable initializations
are always required [22], [23].

With the increasing requirements in high-accurate local-
ization for real-time medicine applications, various methods
focused on improvements in sensing system and algorithm
have been developed to solve the nonlinear inverse problem.
In [24], a grid-based sensor layout optimization method was
presented for fixed sensor number and defined distribution
area. An 8 × 8 2-D single axial sensing array was devel-
oped for real-timemagneticallymanipulated untethered robot
localization in [25]. Generally, more sensors can provide
better accuracy, but redundant measurements will take more
computational time.

Strategies focused on improvements of the nonlinear
inverse model could provide solutions with low computa-
tion. Song et al. [26] established a closed-form analytical
model for an annular magnet based on the Biot-Savart Law
and solved the inverse magnetic problem by particle swarm
optimization algorithm. In [22], Hu et al. presented a linear
algorithm by the matrix and algebra computations to local-
ize a magnetic dipole according to the co-planarity among
the magnetic field at the measured point and the dipole’s
position and orientation parameters. In our previous study
[27], a closed-form analytical inverse model was proposed
by introducing a PM-upright device. Di et al. [28] defined
a closed-form expression for the Jacobian of the magnetic
field relative to the tracked target, and realized real-time
localization with an alternative algorithm fusing inertial mea-
surements. Improvements in the forward model of PM are
also studied, such as distributed multilevel current model [29]
and set of partial differential equations [30].

Although, magnetic localization technologies for medi-
cal applications are emerging, those researches focused on
tissue and organ motion tracking are limited. In particu-
lar, the motion characteristics constrained by physiological
structure is rarely considered in these researches. Besides,
due to the attenuation characteristic of magnetic field with
distance in passive magnetic system, the sensing systems are
always bulky. In [31], we established a location-orientation
mapping database based on restricted kinematic property of
target motion for magnetic localization, and validated the
effectiveness of the proposed algorithm by simulations. This
paper presents an enhanced algorithm for real-time full-pose
passive magnetic localization for TMI, combining the self-
restriction that the motion of tissue and organ is muscular-
skeletally restricted. This paper is organized as follows:

FIGURE 1. Scheme illustrates passive PM localization in TMI system.
(a) Illustration of PM marked TMI system; (b) The system architecture of
previously proposed TMI [9]; (c) Localization system with PM maker
modeled as a magnetic dipole.

• Section II presents the methodology, including the sys-
tem architecture of the proposed magnetic marked TMI,
inverse magnetic localization model, MFD sensitivity
to position parameters (location and orientation), and
establishment of proposed Location Orientation Map-
ping Database (LOMD);

• Section III introduces the experiment system;
• In Section IV, MFD sensitivity to position parameters,
and the influence of initialization and LOMD consti-
tution on solving the nonlinear magnetic problem are
studied through extensive simulations;

• In Section V, test bench evaluations are carried out on
the experiment system;

• Section VI concludes the study of this paper.

II. METHODOLOGY
In magnetic tracking application for tissue and organ motion
monitoring, a passive magnetic source, normally a PM, is
attached to the tracked target, such as tongue ape in TMI
system. Then, the PMmotion can represent conscious tongue
movement.
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A. SYSTEM ARCHITECTURE OF THE PROPOSED
MAGNETIC MARKED TMI
For a passive PM marked TMI system illustrated in Fig-
ure 1(a), the derived space MFD at the known observation
points can be measured by magnetic sensor array and trans-
ferred to PC/tablet through a communication interface, such
as I2C to USB adapter employed in this paper. Then, real-
time PM localization can be provided by processing sen-
sor measurements with algorithm loaded on the PC/tablet.
Accordingly, control signals can be derived based on tracked
PM motion intentionally driven by tongue. Finally, disabled
individuals can control a robot to have a drink or text their
families through a graphic-user-interface (GUI) established
on the PC/tablet.

In our previous study, a proof-of-concept prototype TMI
system utilizing a combined T -type PM marker for poten-
tially environment control was introduced. As presented
in Figure 1(b), a T -type PM marker is employed for tongue
motion tracking, whose magnetic fields are measured by an
anisotropic magnetoresistive (AMR) sensor array fixed on a
mask produced with 3-D printing technology. Then, the tra-
jectory of the marked tongue position can be figured out and
presented by a custom-made GUI based on LABVIEW and
MATLAB loaded on PC.

B. INVERSE MAGNETIC MODEL
If the main dimension of the magnetic source is smaller than
one fifth of its distance to the observed point, the magnetic
source can be modeled as a magnetic dipole in Figure 1(c).
Based on the premise of magnetic dipole model, the magnetic
fields at sensor observation point osi (whose local coordinate
is represented by {Si}) Bci = [Bxi, Byi, Bzi]T from the PM can
be formulated by

Bci
(
rp,m

)
=
[
Bxi Byi Bzi

]T
=
µ0m
4π

3 (m • ni)ni−m

r3i
(1a)

ri= rini = rsi − rp (1b)

where µ0 is the permeability of human tissue, which approx-
imates to the air permeability (=4π×10−7N/A2); ri and ni is
the magnitude and unit vector of distance vector ri pointing
from PM location vector rp to a fixed sensor location vector
rsi, respectively;m is the unit orientation vector with the polar
parameters θ and ϕ in global coordinate {G};m is magnitude
of the magnetic dipole moment.

To derive the marked PM position parameters (rp, m) in
Figure 1(c), an inverse magnetic model in (2a) can be for-
mulated according to the differences between the computed
MFD Bci from the forward model in (1) and measurements
Bsi of fixed sensor array. A least-square (LS) based inverse
model is established, since the noise interference Bni in (2b)
can be eliminated in the hypothesis of white noise from the
environment. Computation work brought by high-order char-
acteristics of the forward model in (1) can also be reduced.
The magnetic fields {Bsi} can be measured by magnetic
sensors at the known observation points {rsi}, and utilized as

known information to solve the inverse magnetic localization
model and derive the position parameters.

f (rp,m) =
N∑
i=1

‖Bsi− Bci‖2 (2a)

Bsi = Bni + Bci (2b)

where Bsi is observation of the ith sensor; N is the total
number of sensors in the sensor array; Bci is theoretical MFD
of the ith sensor computed from the forward model in (1).

Solution to the magnetic localization problem in (2a)
needs to find the optimal parameters (rp,m) that minimize
the objective function f (rp, m), where nonlinear LS opti-
mization techniques are always applied to get an optimized
solution. Combining the global convergence of the steepest
method and the quadratic convergence of Newton’s method,
the Levenberg-Marquardt algorithm (LMa) can provide good
calculation accuracy with better robustness [32]. However,
during the iteration process, the variation between each iter-
ation step is greatly affected by the initializations. Large
deviations or redundant iteration time-cost may be resulted
if the initializations are far off the final minimum [33]. Here
we try to provide more reliable initializations for the inverse
problem, utilizing the restrictions between the localization
and orientation parameters.

C. MFD SENSITIVITY TO POSITION PARAMETERS
Although location parameter rp is the target to be moni-
tored in magnetic tracking, both location and orientation are
required to be solved in (2). This makes the number of initial-
ization parameters increase from three parameters (x, y, z) to
five parameters (x, y, z, θ , ϕ), which brings more challenge
and computation work to solve the inverse magnetic prob-
lem. Considering that initializations play an important role in
inverse magnetic problem solving, the individual impact of
location and orientation initial values on the inverse problem
is discussed firstly. It is reasonable to understand that if the
location parameter, who has a greater influence on the inverse
problem, can be provided by pre-calibration, then according
to the motion characteristics constrained by physiological
structure, corresponding initial orientation parameter with
improved accuracy can be obtained. Then, improved accu-
racy of the inverse problem solution can be derived with the
figured initializations.

We define sensitivity concept, which qualitatively describe
the change of derived space MFD with change of location (x,
y, z) and orientation (θ , ϕ), to illustrate location parameter
and orientation parameter impact to inverse magnetic prob-
lem solving. Then, a discrete magnetic source location and
orientation collection can be formulated by connotative pre-
calibration, and the parameter set (location or orientation)
with more sensitivity can be utilized to search for the other
parameter set (orientation or location) correspondingly in
real-time tracking. This will provide more reliable initializa-
tion with less computational workload.
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Thus, sensitivity of magnetic source location and orienta-
tion parameters is assessed firstly. It is obvious in (2) that
the MFD Bc generated by the magnetic dipole is inversely
proportional to three times of the distance r between the
dipole and observation point. Suppose that the observation
point is located at the origin for simplicity, we can get the
distance vector r= − rp. For the same magnetic dipole,
the gradient of the MFD Bc along the distance vector r can
be written as

∇Bc =
[
∇Bx ∇By ∇Bz

]T
· ndr

=
µ0m
4π

[3 (m • n)n−m]
(
∂

∂r
1
r3

)
dr (3)

Then, an equation directly relating distance vector r=
rn to magnetic field measurement [Bx By Bz]T and its
spatial gradients at r (which is represented by ∇Bx =(
∂xBx ∂xBy ∂xBz

)T, ∇By = (
∂yBx ∂yBy ∂yBz

)T, ∇Bz =(
∂zBx ∂zBy ∂zBz

)T) can be derived by applying (2) into (3),
from which the distance vector r can be solved.

r=rn=−3
[(
∇Bx ∇By ∇Bz

)T]−1 [Bx By Bz
]T (4)

The direct relation between r (= −rp) and MFD in (4)
presents more sensitivity of location parameter r (= − rp) to
the MFD than orientation parameterm. For general magnetic
tracking, since the observed sensor location rsi is known,
the distance vector r is determined by source location rp.
Then, the location parameter is more sensible than orientation
parameter to MFD measurements in forward model, and the
accuracy of solved location parameter is better than orienta-
tion parameter in inverse problem solving. It can be inferred
that the accuracy of the computed location parameter derived
from the measured MFD is more than orientation parameter.

D. ESTABLISHMENT OF DISCRETIZED LOMD
To provide reliable initializations for the nonlinear mag-
netic localization problem, we construct a predetermined-
discretized database. This database presents the connotative
relationships between the location and orientation, termed
LOMD. The LOMD is off-line predetermined and formed
by a collection of the discretized localization for the tracked
target by pre-sampling. Based on the physiological fact that
the motion of tracked target, such as arthrosis or tongue,
is muscular-skeletally restricted, it is feasible to assume that
the location and orientation of the tracked target is corre-
sponding and unique. Then, this database can be applied for
tracking in the whole positioning region.

The discretized sample of the LOMD database is deter-
mined through multi-times of nonlinear optimization prob-
lem in (2a) solving, where mean value of the multi-time
solutions is taken as final result. Although the final calibrated
result is not ideal with some deviation, the error is acceptable.
This kind of pre-calibration is time consuming, and not proper
for in-time application. But, calibration of limited discretized
sample in LOMD is a preferred choice.

The construction of the LOMDwill affect the accuracy and
efficiency of the proposed enhanced algorithm partly. High-
density LOMD will require more computational time both in
establishment and inverse computing. On the contrary, little
improvement will be brought with sparse LOMDdistribution.
Since the trajectory of the target is unknown during local-
ization, establishment of LOMDwith homogenous density is
advisable, which is illustrated as follows.

1) S1. Positioning region determination: Sporadic posi-
tions of the target motion are located and figured out by
traditional LMa. The smallest cube encloses the limit
positions is assumed to be the positioning region.

2) S2. Uniform division of the positioning region: Since
the location parameter get more attention in the mag-
netic tracking technologies, we divide the space of
the figured positioning region by equal distance 1d ,
generating an array of uniformly distributed nodes. The
interval 1d (= kt̄ · v) is determined by the mean
processing time t̄ spent on solving the inverse magnetic
problem once utilizing traditional LMa with random
initializations, the movement speed v, and a weight
coefficient k .

3) S3. LOMD Determination: The MFDs on the sen-
sors are sampled by moving the tracked target to the
nodes determined in S2. We will keep it blank, if the
tracked target cannot reach the node. Then, the location
and orientation parameters of the nodes can be deter-
mined by traditional LMa with initializations of rp0 =
(xp(Bs_max), yp(Bs_max), random zp) and m0 = random
(θ , ϕ) for 1000 times, and the mean value for each node
construct the final LOMD for on-line tracking.

This predetermined off-line LOMD can provide corre-
sponding location and orientation parameters. Then, in real-
time tracking the initial orientation parameter can be provided
according to solved location parameter with improved accu-
racy in LOMD. This will facilitate magnetic tracking with
high accuracy and efficiency.

E. ALGORITHM WITH ENHANCED INITIALIZATION
PROVIDED BY LOMD
A novel magnetic localization algorithm is devised based on
the LOMD for solving the high order 5-D inverse problem
in (2), and the computational flowchart is presented in Fig-
ure 2. In the proposed inverse localization process, a pre-
liminarily determined localization result, including location
and orientation parameters, is obtained from the 1st step
with rough convergence conditions. Then, in the 2nd step a
set of enhanced localization initialization with more accu-
racy can be deduced according to the preliminarily deter-
mined location parameter from the LOMD, taking account
that the location is more sensitive to the change of MFD.
Thereafter, the 3rd step of the inverse localization process
executes with the deduced initialization and the same rough
convergence conditions, and provides the final localization
result.
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FIGURE 2. Flowchart of proposed enhanced magnetic localization
algorithm based on LOMD.

To be specific, three steps are involved:
• Step 1 Preliminary localization: With the real-time
measurements, specific initializations (rp0, m0) and
rough tolerance are provided. Based on the plane dis-
tributed sensor array and the attenuation relationship
between the MFD and distance, we assign rp0 =
(xp(Bs_max), yp(Bs_max), random zp) and m0 = random
(θ , ϕ), where xp(Bs_max) and yp(Bs_max) are the xy-
plane location of the sensor with the strongest measure-
ment. A pre-estimated localization result

(
r̄p, m̄

)
can be

derived by solving (2a) with (rp0, m0).
• Step 2 Enhanced initialization: Based on the dif-
ferent sensitivities of location and orientation to the
MFD, the pre-estimated location result r̄p in Step 1 is
employed for enhanced orientation searching in LOMD.
The location parameter r′p closest to r̄p in the LOMD
is figured out. Then, an enhanced orientation m′ can be
determined, which is corresponding with the location r′p
in the LOMD.

(
r̄p,m′

)
will be utilized as initialization

in the next step.
• Step 3 Final localization: Given the initialization(

r̄p,m′
)
derived from the former step, the solving pro-

cess of the inverse problem in the 2nd round speeds up
and provides improved final solutions (rp, m).

The introduction of the LOMD can provide initialization
with more accuracy, and facilitate the inverse localization
result with the proposed enhanced algorithm.

III. EXPERIMENT SYSTEM
Experiments were conducted on a developed system to val-
idate the feasibility and availability of the proposed mag-
netic localization method based on the enhanced algorithm

FIGURE 3. The designed experiment system. (a) Experiment setup;
(b) Graphical user interface (GUI).

combining the LOMD. The experiment system consists of
tongue motion simulation mechanism, data acquisition part
and human-machine interface (HMI) as illustrated in Fig-
ure 3. In the following study, analyses and discussions on
location accuracy are conducted.

A. TONGUE MOTION SIMULATION MECHANISM
To evaluate the feasibility and effectiveness of the proposed
magnetic localization algorithm, calibrated test bench should
be established. However, the tongue motion is limited in the
sealed intraoral region. It is impossible to vividly calibrate
tongue apex motion in real-time. Based on possible motion
tracks of the tongue apex, we developed a linkage mechanism
to partly simulate human tongue apex movement.

As illustrated in the upper right corner of Figure 3(a), point
P represents the tongue apex, where is attached a PM. This
linkage mechanism is driven by a 2-D electric linear stages
(Winner Optic R©WN02RA-230TA, resolution: 5 µm) with
controller (Winner Optic R©WNMPC2810), and can provide
well-defined 2-DOF motion, since the number of driving
components is the same with that of mechanism freedom.
Therefore, the PM motion trajectory (rp, m) can be deter-
mined by the designed mechanism parameters, including link
length l1 (= 90.0 mm), l2 (= 154.0 mm) and l3 (= 318.2 mm),
and linear stage inputs (xI , yI ):

xP = (1+ w)

√
2
2
l3 − wxI

yP = (1+ w)

√
2
2
l3 − wyI

zP = (l1 + l2) cos θ

(5a)
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M:



θ = arcsin

√(
2xI −

√
2 l3

)2
+

(
2yI −

√
2 l3

)2
2l1

;

θ ∈
[
0, π

/
18
]

ϕ = kπ − arctan

(
2yI −

√
2 l3

√
2 l3 − 2xI

)
;

ϕ ∈ [0, 2π ]

where k =


0, if

√
2yI ≤ l3&

√
2xI ≤ l3

1, if
√
2xI ≥ l3

2, if
√
2yI ≥ l3&

√
2xI ≤ l3

(5b)

where w = l2
/
l1; θ ∈ (0◦, 10◦) since the range of the pen-

dulum angle of the selected ball bearing (STRUENING R©,
LTLM5R) is 20◦.
Theoretically, the PM motion can be restricted and pre-

calibrated inside a space the same with oral cavity, about
left-to-right 60 mm, front-to-back 30 mm, and top-to-bottom
50 mm. However, since the simulated tongue apex motion is
driven by the developed linkage mechanism, its motion will
be limited by the ball bearing rotation angle. The simulated
tongue apex motion is distributed on a spherical cap of a
spherical cone with spherical radius r = l2 and zenith angle
θ = 10◦ centered at point C in Figure 3(a). The PM motion
range on the xy-plane is a circle with a radius of 26 mm.

B. SENSING SYSTEM
As presented in Figure 3(a), a cylindrical NdFeB magnet
is used as magnetic marker (81.6mm × 6.5mm, Br =
0.1430 T, m = 0.0125± 0.0001 A·m2), which is mag-
netized along longitudinal axis. We built a plan (a =
30.0 mm, b = 40.0 mm) distributed sensor array consisting
8 channel 3-axis sensors (Honeywell R©, HMC5983, reso-
lution: 0.227 µT, range: ±0.4 mT, maximum output rate:
220 Hz) for magnetic field measurements. The magnetic
field data was transferred to PC (i7-6600U CPU, 16GB
RAM, DELL/Latitude R©) by a 12-bit I2C-to-USB adapter
(Viewtool R©).

C. HUMAN-MACHINE INTERFACE
Dedicated HMI is developed based on LABVIEW (2014,
NI R©) and MATLAB (R2014a, MathWorks R©) loaded
on PC. Figure 3(b) presents the GUI for sensing data
process and information display. The Noise Calibration
presents the noise level on the sensor position before the
PM marker is mounted, based on the assumption that the
noise level at the sensor observation point is constant.
The Calibrated Sensor Measurements displays the sampled
MFDs on each sensor channel, including sample num-
ber and frequency information. The PM Localization pro-
vides the optimization results processed by the proposed
enhanced magnetic localization algorithm based on LOMD
through MATLAB. The Parameter Settings presents the
magnetic moment magnitude m of PM marker, which is
pre-calibrated by Gauss-meter (Lakeshore R©421, resolution:
0.1 µT).

FIGURE 4. Comparison of the mean localization error dr (colored bar)
and the mean initial guess error dxs (transparent bar).

IV. SIMULATION STUDY OF LOMD PERFORMANCE
Before test bench evaluation, MFD sensitivity to position
parameters, and the influence of initialization and LOMD
constitution on solving the nonlinear magnetic problem in (2)
are studied through extensive simulations. The programs are
processed by MATLAB on PC.

A. INITIALIZATION INFLUENCE ON NONLINEAR
OPTIMIZATION ALGORITHM
In the aforementioned section, it is supposed that LMa
may fail to give correct solution, if the initial guess of
the unknown parameters were far from the correct solution.
Before test bench evaluation, the influence of initial guess to
the traditional LMa processing is studied through simulation.
Localizations of 10 target positions, whose locations on the
xy-plane distributed along the diagonal line of the motion
region in Figure 3(a) are discussed. The distance between
the true position parameters for each discussed point and
the initial guess value is divided into three guess error inter-
vals, including [0, 30] mm, [30, 60] mm, and [60, 90] mm.
Then, 1000 sets of initial guesses, which are randomly dis-
tributed in each interval are generated, are utilized to solve
this inverse problem by LMa. The guess of unit orientation
vector is stochastically for all location initial guesses. Totally,
30 000 sets of initial guesses are evaluated. Noise-free sensor
measurements according to forward model in (1) are utilized
to solve this inverse problem in initial guess evaluation,
to reduce the impact of measurements quality on localization.

For each initial guess interval, the mean localization error
dr (distance between the solved location rpm and true loca-
tion rpc, marked by colored bar) and the mean initial guess
error dxs (distance between the initial guess rp0 and true
locationrpc, marked by transparent bar) for each position
are displayed on the left and right y-axis respectively in
Figure 4. When the initial guess distributed in the interval
with the smallest mean guess error, the mean localization
error dr solved by LMa with 10 000 sets of initial guesses
is distributed between [0.65, 6.48] mm with a mean value
of 2.37 mm for all 10 discussed tracking positions. For the

VOLUME 8, 2020 2387



H.-M. Shen et al.: Passive Magnetic Localization Based on Connotative Pre-Calibration for TMI

FIGURE 5. Effects of location parameter and orientation parameter on
the space MFD derived from the magnetic source. (a) Observation point
illustration; (b) Comparison of the magnitude change rate 1B of the
adjacent observation point.

other two guess error intervals, the mean localization error dr
is 49.47 mm and 95.70 mm, respectively.

As presented by green dots line in Figure 4, the mean guess
error for each interval is 22.64 mm, 49.48 mm and 80.89 mm,
respectively. However, the mean localization error based on
each initial guess interval varies dramatically from 2.37 mm
to 49.47 mm and 95.70 mm, as shown by the dashed blue
lines in Figure 4. The mean localization error (49.47 mm)
is almost in the same level for interval [30, 60] mm with a
mean guess error (49.48 mm). The impact of initial guess
increases for interval [60, 90]mm, since themean localization
error (95.70 mm) is even larger than the mean guess error
(80.89 mm). The rapid increase of localization error with
initial guess errors implies the significant impact of initial
guess for nonlinear optimization algorithm.

B. MFD SENSITIVITY ASSESSMENT TO POSITION
PARAMETERS
To quantitatively illustrate the different effects of location
parameter and orientation parameter on the space MFD
derived from the magnetic source, simulations were carried
out and presented in Figure 5. As presented by Figure 5(a),
it is supposed that the magnetic target is located on the origin
o of the global coordinate {G}, and its magnetic moment is
coinciding with the z-axis. The observation points are dis-
tributed on the yz-plane, where the space MFD are analyzed.
The sensing axis zsi of the ith sensor is kept to along the radial
direction of polar coordinate, while the radius r and polar
angle θ of the observing sensor location change. The start

sensor location is r0 = 33 mm (satisfy premise of magnetic
dipole that main dimension of the magnetic source is smaller
than one fifth of its distance to the observed point), θ0 = 10◦,
and ϕ0 = 0◦ (keep constant). Then, the radius changes by
1r = 3 mm (rate of change is 10%), and the polar angle θ
changes by 1θ = 5◦ (rate of change is 50%), individually.
As illustrated in Figure 5(a), 11 samples are discussed for
each condition, and totally 21 samples are involved.

The simulated MFD on the aforementioned observation
points were computed according to (1), and the magnitude
change rate 1B of the adjacent observation point were com-
pared in Figure 5(b). The red dashed line with circle marker
in Figure 5(b) displays 1B changes from θ0 = 10◦ to 60◦

with constant radius r0. The blue solid line with triangular
marker presents 1B changes from r0 = 33 mm to 63 mm
with constant polar angle θ = 60◦. The comparison results
show that:

• 1B decreases from 22.9% to 13.6% with the radius r
variation from 36 mm to 63 mm.

• While1B increases from 1.4% to 6.2%with polar angle
θ variation from 15 ◦ to 60 ◦.

• Although, the change of polar angle is much larger,
the change of MFD caused by distance variation is more
significant.

For general magnetic tracking, since the observed sensor
location rsi is known, the distance vector ri is determined
by source location rp. Then, the location parameter is more
sensible than orientation parameter to MFDmeasurements in
forward model, and the accuracy of solved location param-
eter is better than orientation parameter in inverse problem
solving. It can be inferred that the accuracy of the computed
location parameter derived from the measured MFD is more
than orientation parameter.

C. LOMD ASSESSMENT
The LOMD for magnetic localization algorithm is deter-
mined through off-line calibration as follows.

• S1. Positioning region determination: the PMmovement
is controlled by 2-D electric displacement platform,
restricted on spherical cap of a spherical cone with
spherical radius r = l2 and zenith angle θ = 10◦

centered at point C in Figure 3(a). The PMmotion range
on the xy-plane is a circle of radius 26 mm.

• S2. Uniform division of the positioning region: to deter-
mine the division interval 1d (= kt̄ · v), the mean com-
putational time t̄ spent on solving the inverse magnetic
problem once utilizing traditional LMa with random ini-
tializations is figured out through 1000 trials.We got t̄ =
27.2 ms with a standard deviation of 3.8 ms. Besides,
it has been reported that tongue movement speed dur-
ing swallowing and speech changes within 2.10 ∼
32.43 mm/s. Thus, we take the movement speed v =
30 mm/s. The positioning region is uniformly divided
along polar angles according to the arc length deter-
mined by 1d .
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FIGURE 6. Nodes distribution on the xy-plane for each LOMD constructed
with various k and traces T -1 & T -2 to be estimated in simulation.

TABLE 1. Constructed LOMD.

• S3. LOMD Determination: With determined division
interval 1d in S2, the location and orientation param-
eters of the nodes in LOMD are determined by tradi-
tional LMa with initializations of rp0 = (xsi(maxBsi),
ysi(maxBsi), random zp) and mp0 = random (θ , ϕ) for
1000 times. To assess the density and quality of LOMD
on PM localization, constructions of LOMDwith integer
weight coefficients k and SNR levels (2, 5, 10, 20, 50)
defined by (6) are performed.

SNR =
(∑N

i=1
B2ci

)
/

(∑N

i=1
B2mi

)
(6)

The ambient noise is assumed to be Gaussian white noise.
The node number with division interval 1d for each

LOMDof various weight coefficient k is presented in Table 1.
The node distribution on the xy-plane is displayed in Figure 6.
To investigate the influence of different LOMD distributions
and qualities on localization performance, simulations were
carried out. Two damped helix traces (termed T -1 and T -2)
are designed for evaluation, as illustrated in Figure 6 marked
by blue and red colored squares. The radius varies from
3.8 mm to 17.1 mm for T -1 and from 1.9 mm to 27.4 mm
for T -2.

Firstly, simulations were carried out to investigate the
influence of measurements SNR levels on calibrated LOMD
quality. Based on the forward model in (1) and SNR model
in (6), the sensor array measurements under different SNR
levels while the PM located on each node of the LOMD
can be achieved. Then, the LOMD nodes can be located by

FIGURE 7. Computed LOMD localization error er with various weight
coefficient k under different SNR levels.

FIGURE 8. Flowchart comparison of four methods for magnetic
localization.

solving the inverse model in (2) with simulated measure-
ments of different SNR levels. Figure 7 presents the mean
localization error er of computed LOMD localizations with
various weight coefficient k solving by LMa with simulated
sensor measurements under different SNR levels. Totally,
1000 groups of simulations for each k and SNR level were
carried out.

It is obvious that the overall mean localization accuracy of
LOMD in Figure 7 gets better with the increase of SNR levels.
The mean localization errors of sparse node distributions are
more significant. This gets apparent at low SNR levels. When
SNR=2, er of k = 20 and k = 30 are about 30 % higher than
the others.

Localization performances of four methods are quantita-
tively compared by

εi(%) = (er1 − eri)/er1 × 100% (7)

where er1 is the mean localization error derived by M1; eri is
themean localization error derived byMi(i = 2, 3 and 4). The
algorithm flowcharts are illustrated in Figure 8, including:

• M1: solving (2) by traditional LMa with initialization of
rp0 = (xsi(maxBsi), ysi(maxBsi), random zp) and mp0 =

random (θ , ϕ), whose results are presented by (rp1,mp1)
and assessed by er1.
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• M2: solving (2) by traditional LMa taking (rp1,mp1) as
initialization, whose results are presented by (rp2, mp2)
and assessed by er2 and ε2.

• M3: solving (2) by the proposed magnetic localization
algorithm with computed LOMD derived from sensor
measurements, whose results are presented by (rp3,mp3)
and assessed by er3 and ε3.

• M4: solving (2) by the proposed magnetic localization
algorithm with true LOMD, whose results are presented
by (rp4, mp4) and assessed by er4 and ε4.

For each damped helix trace, 1000 groups of simulations
are performed with different k of calibrated LOMD and
SNR levels. In method M3 processing, the derived LOMD is
calibrated from measurements containing noise of the same
SNR level with that utilized for trace localization. In method
M4 processing, ideal LOMD is constructed according to the
linkage mechanism model in (5). The mean localization error
er for each method, and the improvement ratio ε compared
with M1 for methods M2 and M3 are presented in Figure 9.

The mean localization errors for each method in Fig-
ures 9(a) and (c) show that, although LMa is also performed
twice in method M2, er3 and er4 are smaller than er1 and er2
for both trace tracking. Besides, the localization error derived
by M3 is close to that of M4 for the same level with different
node density, verifying the improvement brought by LOMD
no matter pre-calibrated (M3) or ideal (M4). In Figures 9(b)
and (d), the improvement ratio of M3 (k = 30) at SNR=2 is
19% and 13% in T -1 and T -2 respectively, which is about
twice of that for M2. This verifies that without the benefit
brought by pre-calibrated LOMD on initial guess, improve-
ment of simply LMa repeat processing is limited.

The difference of the localization error in M4 (ideal
LOMD, where noise impact on LOMD can be ignored)
between LOMD with sparse node density (k = 20 and 30)
and larger node density (k = 2, 4, 8 and 10) gets apparent
with SNR level increase in Figures 9(a) and (b). Implying
that, the LOMD node density has an impact on localization
performance, and this impact becomes obvious with SNR
levels increase. However, the results are almost the same
for k = 2, 4, 8 and 10, implying that the improvement of
LOMDnode density increase is limited. Combined the results
in Figure 9, we take the weight coefficient k equals 10.
Comparisons of Figures 9(b) and (d) show that, the local-

ization improvement ratio of M3 with derived LOMD of
sparse node density is about the same level or even a little
better than that with larger node density. This is mainly due to
inaccuracy of LOMD calibrated from noised measurements,
whose impact expands with density increase. However, ε3 is
still much better than ε2 at all SNR levels.
To evaluate the cost on processing time, we analyzed the

mean time spent on two trajectories localization by methods
M1, M2 and M3. The processing time increase ratio 1t
(%) of Methods M2 and M3 compared with that of M1 is
displayed in Figure 10. Although LMa is implemented twice
in both algorithms M2 and M3, the time increase ratio 1t2

FIGURE 9. Comparisons of the mean localization error derived by M1,
M2, M3 and M4. (a) and (b) The mean localization error er for each
method and the improvement ratio ε brought by M2 and M3 (based on
different k) in T -1 tracking; (c) and (d) The mean localization error er for
each method and the improvement ratio ε brought by M2 and M3 (based
on different k) in T -2 tracking.

of algorithm M2 is the maximum both in T -1 and T -2 local-
ization. The localization error of M3 is about two times of
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FIGURE 10. The change rates 1t for the mean processing time spent on
algorithms M2 and M3 compared with M1. (a) 1t of M2 and M3 in
T -1 localization; (b) 1t of M2 and M3 in T -2 localization.

M2, as presented in Figure 9. This implies the improvement
brought by initial guess derived from LOMD to processing
efficiency. Besides, with the node density of LOMDdecrease,
the processing time decreases as well between k = 2 to 8.
This changing trend of processing time disappeared between
k = 8 to 30, verifying that k = 10 is proper.

V. TEST BENCH EVALUATION
Test bench evaluations were carried out on the experi-
ment system developed in Figure 3. Firstly, connotative pre-
calibrated LOMD was constructed. Then, given trajectory
was localized to assess real-time application.

A. LOMD ESTABLISHMENT
According to the extensive simulations results above,
a LOMD with the weight coefficient k equals 10 is pre-
calibrated by sensor array measurements. Totally, 44 nodes
are involved as presented in Table 1. For each node, the PM
was arranged to the planed location through control of 2-D
electric linear stages according to the mechanism model in
(5). Then, the immediate space MFD on the sensor array
derived from the PM is recorded (sampled at 50 Hz) and
utilized for (2) inverse model solving. The distributions of
pre-calibrated LOMD and that computed according to the

FIGURE 11. Distribution illustration of the constructed LOMD by
pre-calibration (blue star) and model computation (red circle).

TABLE 2. Test bench experiment results.

mechanismmodel in (5) are compared in Figure 11. Themean
localization error for all LOMD nodes is 0.87 mm.

B. PERFORMANCE EVALUATION
Based on the constructed LOMD in Figure 11, a designed
damped helix trace (termed T -3, illustrated in Figure 12(a))
are employed for assessment. The localization results of four
methods, including the computed traces and the absolute
position errors, are compared in Figures 12(b) to (e). This
tracking task was repeated for 50 times. The mean orientation
errors, localization errors and processing times of methods
M1, M2, M3 and M4 are compared in Table 2.

The orientation errors of m in Table 2 show that, the devi-
ation of ϕ is the largest for all four methods. This is mainly
due to that the flux intensity is invariant to the rotation of
the magnet along its major axis. Three kinds of orientation
error during the proposed method M3 processing, which are
the deviations of m̄, m′ and m compared with the ideal
orientation, are presented in Table 2. As illustrated in Figure
2, m̄ is the orientation result of Step 1 with random initial-
izations;m′ is the LOMD searched orientation result of Step
2 according to the preliminary localization result r̄p;m is the
final localization orientation result of Step 3 with

(
r̄p,m′

)
as

initialization. For method M3 in Table 2:

• The error of derived ϕ is larger, which attributes to
that the flux intensity is invariant to the rotation of the
magnet along its major axis;

• The error of m′ in Step 2 decreases from (3.1604 ◦,
100.6701 ◦) to (2.1091 ◦, 46.1504 ◦) compared with
preliminary orientation m̄ in Step 1;
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FIGURE 12. Localization error of four algorithms. (a) Illustration of the target trajectory; (b)–(c) Comparisons of real trace and
that computed by method M2, M3 and M4 on the xy-plane; (d) Comparisons of the mean position error computed by four
methods.

• The error of the final result m in Step 3 is the smallest
about (1.7842 ◦, 35.3879 ◦).

• The difference of both the location rp and orienta-
tion m between methods M3 and M4 is the smallest.
This validates the improvement of orientation initial-
ization brought by the LOMD searching according to
derived location parameter, which promotes the final
localization.

According to the results presented in Figure 12 and Table 2,
it can be observed that:

• About 38.5 % localization error improvement can be
achieved by the proposed algorithm M3 compared with
traditional algorithm M1;

• The mean localization error of M4 is the smallest;
• The difference between localization improvement ratio
ε3 and ε4 is about 7.7 %, but that of processing time
increase ratio is raised to 12.8 %;

• Although, the improvement of proposed method M3 is
established on the cost of processing time increase from
11.1 ms (M1) to 17.7 ms (M3) with an increase ratio
about 60.1 %, a real-time tracking frequency up to
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56.5 Hz can be achieved. This will satisfy maximum
anterior tongue movement [34].

VI. CONCLUSION
In this paper, an enhanced algorithm for real-time full-pose
passive magnetic localization was presented for HMI appli-
cations, such as TMI. This algorithm combines the self-
restriction that the motion of tissue and organ is muscular-
skeletally restricted. The inverse magnetic localization model
for the proposed magnetic marked TMI was introduced, and
sensitivity of the derived MFDs to localization parameters
was discussed. MFD sensitivity to position parameters, and
the influence of initialization and LOMD constitution on
solving the nonlinear magnetic problemwere studied through
extensive simulations. In test bench evaluation, a localization
improvement about 38.5 % can be realized on the designed
experiment system with a real-time tracking frequency up to
56.5 Hz. In the future study, adaptive method of LOMD con-
struction with improved process efficiency and application of
the proposed algorithm on the developed TMI system will be
carried out.
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