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ABSTRACT: Motion tracking plays a crucial role in the quantitative assessment and clinical rehabilitation 
of motor symptoms. While optical tracking and inertial sensing are mainstream, they are frequently limited 
by line-of-sight occlusions or data drift. Electromagnetic tracking (EMT) technology offers a powerful 
complementary solution due to its unique capabilities in full-pose tracking and occlusion-free 
measurements. To facilitate the integration of this technology into medical settings, this paper presents a 
structured overview of EMT approaches within rehabilitation applications. We systematically review the 
field from foundational physics and hardware architectures to advanced algorithmic frameworks. Particular 
emphasis is placed on recent breakthroughs in interference compensation and data-driven methods that 
enhance tracking robustness. Furthermore, we categorize representative clinical applications by scenario 
and target population, ultimately outlining key research trends and open opportunities to guide future 
development in this expanding domain. 
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1. Introduction 

Motion tracking modules in rehabilitation engineering serve as an indispensable cornerstone for 
monitoring, quantifying, and analyzing a patient’s kinematic movements during physical therapy or 
recovery from neurological and musculoskeletal impairments [1–5]. By capturing high-fidelity motion 
trajectories, these systems empower clinicians to objectively assess pathological progress, customize 
patient-specific treatment protocols, and ultimately improve rehabilitation outcomes. Over the past decades, 
diverse motion-tracking modalities have been deployed in clinical settings, including inertial sensing, 
electromyography (EMG), force plates, and optical or depth-sensing approaches. 



Intell. Rehabil. Eng. 2026, 1(1), 10005. doi:10.70322/ire.2026.10005 2 of 20 

 

However, each mainstream modality inherently suffers from distinct technical bottlenecks that limit its 
efficacy in complex rehabilitation scenarios. Inertial sensing is perpetually restricted by cumulative, 
uncontrollable integration drift over time, demanding continuous external corrections for long-term 
accuracy [6]. EMG signals are notoriously noisy, cross-talk-prone, and movement-sensitive [7,8], primarily 
reflecting muscle activation rather than precise spatial kinematics. Force plates, while robust, are spatially 
confined and limited to measuring weight distribution and the balance center of pressure [9]. Meanwhile, 
optical and markerless vision-based systems [6,7,10] frequently fail under non-ideal lighting conditions, 
struggle with featureless or reflective surfaces, and are susceptible to line-of-sight (LOS) occlusions in 
crowded spaces, not to mention the escalating concerns regarding patient privacy. 

To overcome these localized limitations, electromagnetic tracking (EMT) technology has emerged as 
a compelling paradigm. Utilizing controlled magnetic fields, EMT technologies are capable of delivering 
real-time pose estimation with sub-millimeter precision [1,2,11,12], offering either five-degree-of-freedom 
(5-DoF) or full six-degree-of-freedom (6-DoF) tracking depending on the sensor coil configuration. 
Crucially, EMT operates entirely free from LOS constraints, allowing accurate measurement even when 
sensors are completely obscured by clothing, bandages, or anatomical structures. This unique combination 
of occlusion-free capabilities, minimal latency, and exceptional precision renders EMT uniquely suited for 
a vast spectrum of advanced rehabilitation applications. These range from real-time joint-angle monitoring 
in smart orthotics and prosthetics to fine-motor tracking in stroke-induced neurological therapy, immersive 
virtual reality (VR) rehabilitation, and wearable exoskeleton control. Furthermore, EMT facilitates precise 
spatiotemporal feedback in gait analysis for motor symptoms of Parkinson’s disease (PD) and enables 
reliable, remote home-based telerehabilitation. 

Despite its profound clinical potential, the full exploitation of EMT in modern rehabilitation faces a 
changing landscape. The rapid convergence of cutting-edge sensor design, artificial intelligence (AI), and 
edge computing is fundamentally reshaping EMT methodologies, offering unprecedented opportunities to 
mitigate legacy challenges such as electromagnetic interference and constrained tracking volumes. To 
bridge the knowledge gap and accelerate clinical translation, this paper provides a comprehensive, 
structured survey of the EMT landscape tailored for rehabilitation engineering. The remainder of this survey 
is organized as follows: we first elucidate the foundational physical principles and core algorithmic 
frameworks of EMT. Next, a critical review of state-of-the-art technological advancements and commercial 
products is presented. Finally, we analyze open challenges and outline future research trajectories to guide 
the next generation of EMT-driven healthcare solutions. 

2. EMT Technology: Principles and Algorithms 

There are some EMT systems or modules available on the market [1], such as NDI Aurora® (Northern 
Digital Inc., Waterloo, ON, Canada) [13], Liberty™ Latus™ (Polhemus Inc., Colchester, VT, USA) [14], 
Radwave® EM Tracking platform (Radwave Technologies Inc., Saint Paul, MN, USA) [15], and 
AMFITRACK™ (Amfitech Inc., Jens Groens, Denmark) [16]. Besides, some special EMT solutions have 
been provided by TT Electronics [17], Magic Leap [18], Ommo Technologies [19], Stryker [20], Medtronic 
[21], Heal Force [22], Augmedics [23], Orthaligen [24], Koninklijke Philips N.V [25], Calypso [26], etc. 

The components of an EMT module comprise the transmitter (with a signal or field generator), control 
units, and magnetic sensors. The control unit drives the transmitter and manages magnetic sensors. The 
transmitter emits low-frequency or static magnetic fields. Magnetic sensors or small coils attached to the 
object being tracked detect the field strength at a point in space around the transmitter. The control unit 
estimates the sensor’s pose by processing the sensor data. 
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2.1. Principle of EMT 

EMT technology, as a high-precision positioning method without LOS restrictions, is fundamentally 
based on the laws of electromagnetics. EMT modules determine the pose of target objects in 3D space by 
analyzing magnetic field distribution characteristics, providing a unique motion capture solution for 
rehabilitation engineering. Understanding its working principles is crucial for developing effective 
rehabilitation applications [1,2]. 

From a physical perspective, EMT technology can be broadly categorized into two types: static 
magnetic field systems and alternating current (AC) electromagnetic field systems. Static magnetic field 
systems typically employ neodymium-iron-boron (NdFeB) permanent magnets as the magnetic source. 
Their advantages include no external power requirements, simple structure, and low power consumption, 
making them particularly suitable for implantable medical devices and wearable rehabilitation apparatus 
[27]. In contrast, AC electromagnetic field systems generate alternating electromagnetic fields by passing 
AC through transmitter coils. Although they require power support, they offer a higher signal-to-noise ratio 
(SNR), a larger tracking range, and can effectively suppress environmental interference through frequency 
selection [28]. 

The core mathematical model for both systems is based on the magnetic dipole theory. According to the 
Biot-Savart law, current passing through a conductor generates a magnetic field surrounding the wire, while 
the magnetic dipole model simplifies the transmitter source to a point magnetic dipole whose magnetic field 
strength decays with the cube of the distance. For AC electromagnetic field systems, the magnetic flux density 
generated by the transmitter coil at spatial point (x, y, z) can be expressed as in Figure 1: 

 

Figure 1. Schematic diagram of the EMT principle based on permanent magnets. The star symbol denotes the magnetometer. 
For the l-th magnetometer, the magnetic field distribution generated by a permanent magnet is a 3D static magnetic field vector 
Bl = (Blx, Bly, Blz), mixed with the 3D geomagnetic field vector Gl = (Glx, Gly, Glz). Thus, Gl should be removed from the sensor 
signals [29] or modeled as an unknown variable vector G = (Gx, Gy, Gz) to be estimated with the pose parameters (a, b, c, m, n, 
p) [30]. 

In the prototype implementation, a typical EMT architecture includes tri-axis orthogonal transmitter 
coils and tri-axis orthogonal sensing coils (see Figure 2). The transmitter coils are usually arranged in 
specific geometric configurations and generate alternating magnetic fields through time-division excitation 
mode [31]. The sensing coils detect the magnetic field strength in space and convert the weak induced 
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signals into amplified, filtered, and digitized outputs through signal processing circuits. The signal 
processing stage employs techniques such as phase-locked amplification, band-pass filtering, and phase-
sensitive detection to extract effective signals from noise, ensuring high-precision positioning [32]. 

 

Figure 2. System diagram of AC magnetic field-based EMT system, with wired or wireless configuration. Different colors 
indicate different AC excitation frequencies used by the transmitting coils. The wired style depicts that the signal generator and 
the signal processing module are connected to the same microcontroller. The wireless style means there is no direct connection 
between the signal generator and the signal processing module, whereas the magnetic field sign ambiguity issue should be 
resolved [33]. Compared to the magnet, the AC magnetic field yields a higher signal-to-noise ratio and a larger tracking range. 

According to Biot-Savart Law, the magnetic flux intensity at point (x, y, z) generated by the transmitting 
coil is 𝑩. Thus, as shown in Figure 3, the estimated magnetic field strength according to the dipole model 
is depicted as: 

𝑩 ൌ 𝐵௫𝒆௫ ൅ 𝐵௬𝒆௬ ൅ 𝐵௭𝒆௭ ൌ
𝜇଴𝜇ఢ𝑴
4𝜋

ቆ
3ሺ𝑯 ⋅ 𝑷ሻ𝑷

𝑟ହ
െ
𝑯
𝑟ଷ
ቇ (1) 

The magnetic field strength for the point of the l-th magnetometer or l-th sensing coil can be estimated 
according to the dipole model, as 𝑩௖௔௟௖. Meanwhile, the measured magnetic field strength is 𝑩௠௘௔௦. Thus, 
the magnet pose (a, b, c, m, n, p) of the target object can be calculated by the optimization process between 
the measured and estimated magnetic field strengths, as: 

ቊ
𝑚𝑖𝑛 𝐸 ൌ ∑ ሾሺ𝑚𝑒𝑎𝑠ሺ௫௟ሻ
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஻ െ 𝑐𝑎𝑙𝑐ሺ௬௟ሻ
஻ ሻଶே

௟ୀଵ ൅ ሺ𝑚𝑒𝑎𝑠ሺ௭௟ሻ
஻ െ 𝑐𝑎𝑙𝑐ሺ௭௟ሻ

஻ ሻଶሿ

𝑚ଶ ൅ 𝑛ଶ ൅ 𝑝ଶ ൌ 1
  (2) 

As the dipole model cannot reflect the rotation around its axis, only a 5-DoF pose, i.e., 3D position and 
2D orientation, cannot be directly yielded [34]. 

 

Figure 3. Magnet dipole model. 

Degrees of freedom analysis is key to understanding EMT performance. Based on a single magnetic 
dipole model, the system can directly calculate 5-DoF pose (i.e., 3D positions + 2D orientations), as the 
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magnetic dipole model cannot reflect rotation around its own axis. To achieve complete 6 degrees of 
freedom tracking, modern systems employ multiple innovative approaches: inertial sensor fusion schemes 
combine 5D magnetic tracking with 3D inertial measurement unit (IMU) data through Kalman filters [35]; 
opposing magnet pair schemes use two relatively positioned magnets, achieving full degrees of freedom by 
tracking their relative positions [36]; rotating magnetic dipole schemes generate rotating magnetic fields 
through two orthogonally excited coils, calculating complete pose using phase and amplitude information 
from induced signals [37]. 

For magnet-based tracking, a rectangular permanent magnet or an annular magnet with the equivalent 
magnetizing current can be adopted as the signal source [30,38]. 5-D magnetic tracking and 3-D inertial 
sensing can be fused to output 6-DoF pose, whereas an inertial measurement unit should be attached to the 
magnet. Besides [35], 6-DoF EMT can be accomplished using an opposing-magnet pair, which functions 
as the tracking of two magnets [36]. 

Environmental interference represents a major factor affecting EMT accuracy. Earth’s magnetic field 
compensation involves calibrating and measuring the Earth’s magnetic field distribution and subtracting 
the Earth’s magnetic field components from sensor data [39]. Metal interference compensation establishes 
interference models or employs machine learning algorithms to identify and compensate for magnetic field 
distortions caused by ferromagnetic materials [40]. Advanced EMT systems also utilize adaptive filtering 
algorithms for dynamic correction, ensuring stability in complex environments [41]. 

To track more targets, multi-target tracking technology has become a research focus. Related studies 
include 6-DoF tracking algorithms based on Particle Swarm Optimization (PSO) [38] or dual-domain few-
shot learning [42], geomagnetic compensation techniques in magnetic tracking [39], magnetic tracking of 
wireless capsule endoscopes in mobile setups [30], etc. These research efforts provide theoretical and 
technical support for multi-target applications of EMT systems in complex rehabilitation scenarios. 

2.2. EMT Algorithms 

2.2.1. Optimization-Based EMT Algorithms 

High-precision magnetic field modeling remains a highly complex task [43,44]. Moreover, EMT 
inverse problems, which aim to estimate the position and orientation of magnetic sources from measured 
magnetic field distributions, are inherently nonlinear and often ill-posed [45,46]. Therefore, nonlinear 
optimization has been widely adopted as a conventional strategy in magnetic tracking systems. 

For a general EMT system consisting of M magnetic sources and N sensors, the overall objective error 
can be expressed as: 

𝐸ሺ𝑥,𝑦, 𝑧,𝛼,𝛽, 𝛾ሻ ൌ ∑ ∑ ∑ ൣ𝐵௜௝
௞ ሺ𝑥,𝑦, 𝑧,𝛼,𝛽, 𝛾ሻ െ 𝐵௜௝

ᇱ௞൧
ଶଷ

௞ୀଵ
ே
௝ୀଵ

ெ
௜ୀଵ   (3) 

where 𝑦௞
஻ሺ𝑥,𝑦, 𝑧,𝛼,𝛽, 𝛾ሻ  denotes the magnetic flux density component along the k-axis at the pose 

ሺ𝑥,𝑦, 𝑧,𝛼,𝛽, 𝛾ሻ, as calculated by the magnetic field model. 𝑦௞
஻ represents the corresponding magnetic field 

component measured by the sensors. The optimization objective of the proposed cost function in Equation 
(3) is to determine the optimal state vector ሺ𝑥,𝑦, 𝑧,𝛼,𝛽, 𝛾ሻ  that minimizes the residuals between 
theoretical predictions and experimental measurements. 

Various iterative nonlinear optimization algorithms have been developed for electromagnetic tracking, 
including the Gauss–Newton method [31,32,47], the Levenberg–Marquardt (LM) method [37,48], and the 
Nelder–Mead method [49,50]. Among these methods, the LM algorithm has been extensively employed 
because it provides a favorable balance between estimation accuracy and computational efficiency [51,52]. 
In addition, the LM method has demonstrated robust performance in both single-point and multi-point 
tracking applications [34,53]. 
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However, traditional nonlinear optimization algorithms are computationally intensive, highly 
dependent on initial guesses, and generally unable to guarantee convergence to the global optimum [2]. 
Consequently, various strategies have been proposed to provide approximately accurate initial estimates 
for nonlinear optimization algorithms, thereby reducing the risk of convergence to local optima. One class 
of approaches generates initial guesses using heuristic algorithms, such as PSO [37,54] and the Whale 
Optimization Algorithm (WOA) [53], as illustrated in Figure 4. Another class combines linear and 
nonlinear algorithms, in which the initial estimates are first obtained using linear methods and subsequently 
refined through nonlinear optimization [28,55]. 

 

Figure 4. Diagram of the EMT algorithm with the combination of swarm intelligence (e.g., PSO or WOA) and nonlinear 
optimization (e.g., LM) to achieve the global optimum. 

As shown in Figure 5, the relationship between the tracking accuracy and the distance for the permanent 
magnet-based system was investigated [52,56]. The relationship between the tracking accuracy and the 
distance is also presented for the wireless EMT system. 

 

Figure 5. Relationship between tracking pose error and distance. (a,b): Permanent magnet-based tracking with different 
magnetic sensors (AMR and TMR) [56]; (c,d): AC magnetic field-based tracking with and without IMU fusion [16]. 
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2.2.2. Filter-Based Fusion Algorithms 

Existing EMT approaches based on optimization algorithms are limited to stationary or low-speed motions. 
The iteration time of the optimization algorithms is measured in hundreds or thousands of milliseconds. 

However, a greater discrepancy in the actual values of the pose parameters is observed between the two 
adjacent magnetometer sequences when the robot performs a high-speed motion, i.e., ms-level duration for 
a single iteration. Consequently, the iteration error for the magnet pose is subject to a considerable margin 
of error. Consequently, robots utilising magnetic nails for sorting cannot employ optimisation algorithms, 
as is the case with EMT methods, thus resulting in constrained tracking performance. 

The Kalman filter (KF) and the extended Kalman filter (EKF) algorithms have been demonstrated to 
be effective in estimating state quantities of nonlinear systems [57,58]. Song et al. [38] advanced an EKF-
based permanent magnetic tracking (PMT) algorithm to reduce the computational cost of the optimization 
algorithm-based PMT method for minimally invasive surgery. The experimental results demonstrate that 
the EKF-based PMT algorithm has the capacity to reduce the tracking latency while maintaining accurate 
positional accuracy. However, the maximum recorded velocity of the magnet was 8 mm/s, and the magnet 
trajectories were determined in advance. Lee et al. [59] employed the iterated dual-EKF to track a moving 
transmitter, demonstrating excellent convergence speed in simulation. Dai et al. presented a PMT method 
for the fast motion of a magnet target based on EKF [58], where the random walk model was adopted for 
the state equation model of the magnet. The state update model parameter of the EKF estimation pertaining 
to state update is subject to adaptive adjustment in accordance with varying magnet speeds. Consequently, 
the tracking performance remains consistent even in cases of varying magnet speeds. The tracking 
performance of the proposed PMT method is verified with random motion tasks at a maximum speed of 40 
mm/s for technical verification and experiments in a real environment. 

2.2.3. Simplified Tracking Model for the Execution in an Embedded Microcontroller 

For the magnetic dipole, Equation (1) is valid for the magnetic distribution around the magnet or coil, 
where the coordinate origin is the center point of the magnet or coil. However, Equation (1) is a quintic 
nonlinear equation. 

If the origins of coordinate systems {g} and {s} coincide and the S-N axis of the magnet is parallel to 
the Z-axis, (x, y, z, m, n, p) is equal to (0, 0, 0, 0, 0, 1). Thus, Equation (1) can be simplified as 

⎩
⎪⎪
⎨

⎪⎪
⎧ 𝐵௫ ൌ 𝐵்

3𝑎𝑐
𝑟ହ

𝐵௬ ൌ 𝐵்
3𝑏𝑐
𝑟ହ

𝐵௭ ൌ 𝐵் ቆ
3𝑐ଶ

𝑟ହ
െ
1
𝑟ଷ
ቇ

 (4) 

where the magnetic field intensity B = (Bx, By, Bz) can be measured by tri-axis magnetometers or coils at 
one or more measuring points; the position component c is a fixed value; BT can be obtained by the 
calibration process [60]. 

For the EMT prototype with tri-axis orthogonal coils and tri-axis orthogonal coils, a 6-DoF pose can 
be obtained with a simplified tracking algorithm [55,61]. This analytical method can significantly reduce 
computational resources, thereby being deployed in a low-cost microcontroller. 

2.2.4. Regression-Based EMT Algorithms 

The transition from traditional analytical models to deep learning-based regression algorithms has 
significantly reshaped the landscape of EMT, particularly for rehabilitation applications where nonlinear 
magnetic distortions and complex motion dynamics are prevalent. Early explorations in this domain, such as 
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the work of Sasaki and Ohta [62], established the fundamental feasibility of using machine learning 
architectures to map magnetic field measurements directly to spatial coordinates. This shift away from model-
dependent sensing has paved the way for more sophisticated architectures capable of handling higher degrees 
of freedom and specific anatomical constraints. For instance, Ouyang et al. developed a specialized neural 
network approach to measure the 3-D rotation angles of spherical joints [63]. By leveraging the magnetic 
effect within a regression-based framework, this method provides a precise solution for monitoring prosthetic 
or anatomical joint movements, which are critical for objective rehabilitation assessment. 

To further improve the precision and robustness of these estimations, recent research has integrated 
advanced structural components into the regression pipeline. Yang et al. introduced PRPosNet [64], a novel 
architecture that combines the local feature extraction capabilities of Convolutional Neural Networks 
(CNNs) with the global context-awareness of Transformers. By incorporating coordinate attention 
mechanisms, PRPosNet effectively captures the intricate spatial relationships within sensor arrays, leading 
to highly accurate and stable pose estimation even in noisy environments. In scenarios where purely data-
driven approaches might struggle to achieve absolute numerical accuracy, researchers have turned to more 
integrated methodologies. A notable example is the work of Guo et al. [65], who proposed a hybrid end-to-
end framework termed the ResNet-LM fusion algorithm. This approach utilizes a residual network to 
provide a rapid, coarse pose regression, which is then refined by an LM optimization layer. Such a hybrid 
architecture ensures that the system maintains the high-speed inference of deep learning while benefiting 
from the rigorous convergence properties of traditional optimization. 

One of the primary challenges in deploying deep learning for rehabilitation tracking is the scarcity of 
high-quality, labeled clinical data. To address this, data-efficient learning strategies have emerged as a vital 
research frontier. Su et al. proposed AMagPoseNet [42], which achieves real-time 6-DoF magnet pose 
estimation through dual-domain few-shot learning. By extracting features from prior physical models and 
transferring them to the neural network, the system can achieve high performance with minimal real-world 
training samples. Similarly, Wang et al. explored Sim-to-Real transfer learning techniques specifically for 
magnet localization [66], demonstrating that models pre-trained in synthetic magnetic environments can be 
successfully adapted to real-world sensors with very few shots. Pushing the boundaries of label-free 
estimation, Liu et al. presented an unsupervised deep learning approach for 5-D position estimation [67]. 
Their model-free algorithm leverages internal geometric constraints to learn the mapping without the need 
for ground-truth labels, offering a scalable path for deploying EMT systems in diverse clinical settings 
where calibration data is difficult to obtain. 

Finally, the practical utility of these regression models in rehabilitation hinges on their ability to 
withstand environmental interference, such as that caused by metallic hospital equipment. Su et al. 
addressed this through the MagRobustNet framework [40], which enhances the anti-interference 
capabilities of magnetic tracking systems. By integrating self-supervised anomaly detection with a 
measurements recovery mechanism, the framework can identify corrupted magnetic signals and reconstruct 
the true pose, ensuring reliable operation in complex, real-world environments. Collectively, these 
advancements—ranging from hybrid end-to-end frameworks to few-shot and unsupervised learning—
provide the necessary technological backbone for modern rehabilitation systems, enabling precise, robust, 
and patient-specific movement tracking. 

2.2.5. Enhanced Anti-Interference Algorithm 

Environmental interference is a major factor that limits the translation of EMT from controlled 
laboratory settings to clinical and home-based rehabilitation scenarios. Compared with optical tracking 
(OT), EMT does not require a direct line of sight (LOS), which makes it suitable for rehabilitation tasks 
involving occlusion, wearable devices, or frequent changes in limb posture. This advantage, however, 
depends on the consistency between the predefined magnetic field model and the magnetic field measured 
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in the actual working environment. In rehabilitation settings, wheelchairs, rehabilitation robots, metallic 
exoskeleton structures, motors, treatment beds, mobile electronic devices, and conductive or ferromagnetic 
materials near the human body can perturb the magnetic field distribution and introduce systematic errors. 
Previous reviews have reported that such interference can substantially degrade the accuracy of EMT, with 
errors that are often spatially, orientationally, and environmentally dependent rather than purely random 
[1,3]. For rehabilitation applications, these errors may affect joint angle estimation, limb trajectory 
reconstruction, VR feedback, and robot-assisted control. Therefore, interference mitigation in EMT should 
go beyond conventional noise filtering and address the identification, modeling, calibration, and 
compensation of magnetic field distortions induced by the environment. 

In an AC EMT system, transmitting coils generate low-frequency alternating magnetic fields, whereas 
receiving coils or magnetic sensors recover spatial pose through synchronous demodulation, phase-based 
demodulation, or multi-axis magnetic-field measurement and reconstruction. A major source of error in 
these systems is conductive metal, in which alternating magnetic fields induce eddy currents. The resulting 
secondary magnetic fields change the amplitude and phase of the original field, thereby modifying the 
field–pose relationship rather than merely adding random noise. Existing compensation strategies can be 
broadly divided into signal-level distortion suppression and model-level distortion compensation. Signal-
level methods reduce distortion during excitation or demodulation. For example, non-sinusoidal excitation 
waveforms, including quadratic excitation, exploit the different derivative characteristics of the directly 
induced signal and the distortion-induced signal to reduce eddy-current errors caused by metal [68]. In 
contrast, model-level methods formulate environmental interference as a field-modeling problem by 
characterizing, interpolating, or parameterizing the distorted measurement space for compensated pose 
estimation. Representative methods include offline volume calibration, interpolated magnetic field maps, 
virtual magnetic dipole sources, and dynamic field reconstruction [69]. Near large metallic medical devices, 
such as C-arms, dynamic field distortion can increase EMT errors to the centimeter level, whereas real-
time field modeling and compensation can substantially reduce these errors [70,71]. Witness-sensor-based 
methods further support online compensation by monitoring magnetic field changes at fixed locations and 
enabling the selection or interpolation of pre-trained compensation models [41]. Studies on eddy-current-
induced phase effects in AC EMT have also shown that phase differences and calibration algorithms can 
model secondary fields, providing a basis for the joint compensation of synchronization errors, phase shifts, 
and metallic distortion [72]. 

Beyond physics-based modeling and calibration, data-driven methods have been increasingly explored 
to improve the robustness of EMT in complex environments. Conventional analytical models usually 
assume a known transmitter field and a relatively ideal measurement environment, but these assumptions 
may fail under strong distortion, nonlinear field distributions, or local metallic occlusion. Machine learning 
methods, including random forests and artificial neural networks, have been adopted to learn nonlinear 
magnetic field mappings in electromagnetic navigation systems, thereby improving modeling capacity in 
distorted field environments [73]. For online compensation, neural networks can learn spatial error 
distributions from real-time sampled data, while spatial uncertainty information can be used to estimate the 
reliability of compensation in different regions [74]. Domain-adaptation methods, such as CycleGAN, have 
also been used to map EMT positions acquired in distorted C-arm environments to an undistorted or less 
distorted domain, reducing the need for repeated full calibration [75]. In wireless EMT, receiver power 
consumption, signal amplitude, synchronization links, and phase consistency can affect the SNR and the 
stability of pose inversion. Therefore, low-noise acquisition, multi-frequency or multi-axis demodulation, 
filtering constraints, and model priors are important for reducing the impact of SNR degradation on tracking 
accuracy [28]. 

Overall, data-driven methods should be viewed as complements to physical modeling rather than 
replacements. Their value lies in learning nonlinear and spatially varying error fields that are difficult to 
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describe analytically, whereas their main limitation is the dependence on training data that adequately cover 
the expected device layouts, metallic objects, sensor positions, and user movements. 

Permanent-magnet and static magnetic tracking are outside the typical AC EMT framework, but some 
of their interference-mitigation concepts may still inform the design of low-power wearable rehabilitation 
systems. Geomagnetic compensation, background magnetic-field compensation, and differential 
measurement have been used to suppress slowly varying or spatially uniform background fields. IMU-
assisted attitude estimation can compensate for changes in geomagnetic projection caused by rotation of 
the sensor array [29], whereas differential signals can partially cancel spatially uniform background 
magnetic fields [30,39]. Although these methods were mainly developed for static magnetic localization, 
their underlying principles can provide useful guidance for reference sensors, differential arrays, and IMU-
fusion strategies in wearable rehabilitation tracking. For rehabilitation-oriented EMT, the choice of an 
interference-mitigation strategy should match the application setting: fixed clinical environments may 
benefit from pre-calibrated field maps and volume compensation, mobile rehabilitation devices may require 
online sensor monitoring and dynamic field models, and home-based wearable systems may rely more on 
lightweight, low-power, and adaptive fusion-based compensation methods. 

To provide a clearer overview of the current state of EMT systems applied in rehabilitation, Table 1 
summarizes the key characteristics of representative EMT platforms, including their tracking modality, 
degrees of freedom, accuracy, range, and rehabilitation applications. 

Table 1. Comparison of representative EMT systems for rehabilitation applications. 

System Type DoF Accuracy Range Sensor Rehab Application 
NDI Aurora [13] EMT 5/6 ~0.5 mm ~1.5 m Coil Upper-limb assessment, gait analysis 

Polhemus Liberty [14] EMT 6 ~0.1 mm ~1.5 m Coil Shoulder kinematics, VR-assisted therapy 
Radwave [15] EMT 6 <1.0 mm ~2.0 m Coil Surgical navigation 

FluxPose FBT [76] EMT 6 ~5.0 mm ~3.0 m Coil Whole-body motion capture 
OMMO [19] PMT 6 ~2.0 mm ~3.0 m TMR Joint kinematic assessment 

Myokinetic [77] PMT 6 ~1.0 mm ~0.1 m Implanted Prosthetic control 
Magnetomicrometry [78] PMT 1D Sub-mm ~0.05 m Implanted Muscle-tendon length measurement 

3. Rehabilitation Applications 

Advanced sensing, wearable systems, and data-driven methods have increasingly been applied to 
orthopedic and home-based rehabilitation, offering methodological insights for translating tracking 
technologies into rehabilitation applications [4,79,80]. EMT provides real-time, drift-free pose estimation 
without line-of-sight constraints. Thus, EMT technology is more robust to occlusion than optical systems 
and more spatially stable than inertial sensing, making it well-suited for fine hand movements and 
constrained rehabilitation settings. 

Existing reviews have summarized the technical foundations, validation methods, interference sources, 
and medical applications of EMT [1,3]. Within rehabilitation, assessment applications focus on objective 
kinematic metrics, training applications require low-latency movement-quality feedback, and assistive-
device applications demand stable, embeddable control interfaces. This section reviews EMT and related 
magnetic sensing technologies by application scenario and target population. 

3.1. Classification by Application Scenarios 

3.1.1. Rehabilitation Assessment 

Quantitative assessment is the most established rehabilitation application of EMT. Clinical scales 
remain essential for evaluating impairment and function; however, task scores alone cannot fully describe 
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movement execution. EMT can complement clinical scales by measuring movement time, trajectory length, 
peak velocity, movement smoothness, range of motion, and inter-joint coordination. 

Post-stroke upper-limb assessment provides the strongest evidence. Saes et al. [81] used an 
electromagnetic motion tracking system to quantify reach-to-grasp movements after stroke and reported 
that the spectral arc length (SPARC) smoothness metric was associated with upper-extremity Fugl-Meyer 
scores. Van Dokkum et al. [82] further showed that reach-to-grasp kinematics could distinguish paretic-
limb, non-paretic-limb, and healthy-control movements during early post-stroke recovery. Together, these 
studies indicate that EMT-derived kinematics can provide objective information on motor recovery beyond 
task completion. 

Hand and finger assessment is another suitable application. Fine hand motion is difficult to capture 
with optical systems due to self-occlusion and the multiple degrees of freedom involved. Wearable 
magnetic induction sensors, iterative magnetic tracking algorithms, magnetic–inertial fusion, and 
electromagnetic sensor layouts have been proposed to estimate hand and finger kinematics [83–86]. These 
studies support the feasibility of magnetic tracking for fine motor assessment, although patient-level 
validation remains limited. 

EMT has also been used in shoulder and lower-limb assessment. Electromagnetic tracking has served 
as a reference for mixed-reality hand tracking in shoulder rehabilitation assessment [87]. Three-dimensional 
EMT has been applied to quantify shoulder movement patterns in patients with frozen shoulder [88]. 
Repeatable three-dimensional treadmill gait kinematics have also been obtained using an electromagnetic 
tracking system [89]. These studies suggest that EMT can provide objective joint-motion information in 
selected musculoskeletal and locomotor rehabilitation settings. 

Overall, EMT-based assessment is relatively mature in upper-limb kinematic evaluation, especially 
after stroke. Broader clinical use still requires standardized protocols, robust interference compensation, 
and stronger associations between EMT-derived variables and clinical outcomes. 

3.1.2. Rehabilitation Training 

In rehabilitation training, EMT systems can provide real-time motion information for feedback, task 
adaptation, and interactive exercise. A typical EMT-assisted training system includes motion acquisition, 
feature extraction, and feedback generation. Position and orientation data can be converted into range of 
motion, repetition count, movement smoothness, joint coordination, and compensatory movement. 

Compared with offline assessment, training requires lower latency, higher robustness, and better 
usability. EMT may be useful for hand training, upper-limb reaching, virtual-reality interaction, and robot-
assisted exercise because near-body and occluded movements can be tracked. Magnetic–inertial fusion and 
compact magnetic sensing methods provide technical support for such applications [27,63,85]. 
Multitransmitter electromagnetic positioning may further enlarge the effective workspace for rehabilitation 
movements with larger ranges [90]. 

EMT can also support virtual and game-based rehabilitation. Magnetic tracking devices have been 
benchmarked for rehabilitative gaming [91]. Sparse electromagnetic trackers have been used for three-
dimensional human pose estimation [92]. 6-DoF magnetic tracking has also been investigated for human 
gait analysis and classification [93]. These studies suggest that EMT may support avatar-driven training, 
whole-body interaction, and gait-related rehabilitation analysis. 

However, rehabilitation training requires reliable tracking in complex environments. Metallic beds, 
wheelchairs, robotic frames, motors, and electronic devices may distort magnetic fields. Anti-interference 
methods such as MagRobustNet have therefore been proposed to improve the robustness of magnetic 
tracking to environmental disturbances [40]. Current evidence mainly supports technical feasibility rather 
than rehabilitation efficacy. Future studies should determine whether EMT-based feedback improves motor 
outcomes, training intensity, adherence, and transfer to daily activities. 
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3.1.3. Control Interface for Assistive Devices and Prosthetics 

Assistive devices and prosthetics are another translational application of magnetic tracking. In this 
scenario, magnetic tracking is not only used to measure external limb motion. Instead, muscle deformation, 
tissue length change, or implanted magnet displacement is transformed into control signals for prosthetic 
hands, orthoses, exoskeletons, or assistive robots. Compared with surface electromyography, magnetic 
interfaces may provide passive implants, wireless sensing, deep-tissue access, and parallel multi-degree-
of-freedom control. 

Magnetomicrometry provides a representative example. Taylor et al. introduced implanted magnetic 
beads for real-time tissue length tracking [78]. By measuring relative magnet displacement, this method 
provides direct information on muscle or tendon mechanics. Such information may be useful for closed-
loop prosthetic and exoskeleton control. 

The myokinetic interface further translates magnetic tracking into prosthetic control. Early studies 
investigated multiple implanted magnet localization and the feasibility of permanent magnets as a control 
interface for amputees [77,94]. A first-in-human study later implanted six permanent magnets into the 
residual forearm muscles of a transradial amputee, and used transcutaneous magnetic localization to control 
a dexterous prosthetic hand [95]. This study provides strong evidence that implanted magnetic tracking can 
restore grasping-related control. 

Several technical barriers have also been addressed. Transcutaneous localization, implantation 
planning, data-driven real-time tracking, multi-magnet dynamic reconfiguration, and physical disturbance 
rejection have been investigated for myokinetic prosthetic interfaces [77,96–100]. These studies define a 
coherent development path from sensing principle to embedded prosthetic control. However, implantation 
safety, magnet migration, socket motion, external magnetic interference, long-term stability, and regulatory 
validation remain unresolved. 

Compared with prosthetic control, EMT applications in orthoses and rehabilitation robots are less 
mature. Sensor-driven shoulder exoskeleton control and upper-limb exoskeleton kinematic compatibility 
have been reviewed or analyzed in rehabilitation contexts [5,101]. EMT may serve as a reference system 
for evaluating joint alignment, human–robot kinematic compatibility, or movement assistance. However, 
current evidence is insufficient to support EMT as a mature control solution for rehabilitation robots. 

3.2. Target Population 

The current evidence is unevenly distributed across rehabilitation populations. Stroke survivors are the 
most frequently studied group, especially for upper-limb kinematic assessment. EMT can quantify reach-
to-grasp quality, movement smoothness, and compensatory strategies after stroke [81,82]. These measures 
are clinically relevant because task completion may mask abnormal movement patterns. When combined 
with surface electromyography, movement kinematics may also help relate neural drive, muscle activity, 
and movement output [102,103]. 

Patients with musculoskeletal disorders represent another relevant population. EMT can quantify 
shoulder and gait kinematics in controlled settings [88,89]. Compact magnetic sensing may further support 
local joint assessment, prosthetic joint monitoring, and wearable motion detection [27,63]. However, the 
evidence base remains smaller than that for post-stroke upper-limb assessment. 

Amputees are the most promising population for implanted magnetic interfaces. Myokinetic prosthetic 
control has a clear rationale because residual muscle displacement can be transformed into prosthetic 
commands [77,94–100,104]. In this population, magnetic tracking is not only an assessment method but 
also a potential control interface for functional restoration. 

Other populations, including patients requiring pulmonary, lower-limb, postural, or home-based 
rehabilitation, remain at an exploratory stage. Magnetic-field-based respiration sensing has been proposed 
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for pulmonary rehabilitation monitoring [105]. However, this approach differs from full 6-DoF EMT. For 
home rehabilitation, magnetic sensing may be attractive because compact and occlusion-resistant devices 
can be designed. Nevertheless, uncontrolled metallic environments, sensor placement variability, and 
calibration burden remain major barriers. 

In summary, EMT has the strongest evidence for rehabilitation in post-stroke upper-limb assessment 
and myokinetic prosthetic control. Applications in feedback-based training, orthoses, rehabilitation robots, 
home rehabilitation, and whole-body monitoring are promising but still require stronger clinical validation. 

4. Prospect 

Wireless EMT-based whole-body tracking systems, such as the FluxPose FBT kit (FluxPose Inc., 
Amsterdam, The Netherlands) [76], have been proposed by some startups. In an era of wearable sensing, 
this whole-body tracking approach enables motion tracking outside the room with a lightweight and mobile 
solution, as shown in Figure 6. 

 

Figure 6. Diagram of the EMT-based whole-body tracking approach. 

Accordingly, the future of EMT-based whole-body tracking in rehabilitation lies in transitioning from 
episodic, clinic-bound interventions to continuous, ubiquitous, and intelligence-driven patient care. To fully 
unlock this clinical potential, future developments must synergize hardware miniaturization with algorithmic 
intelligence. Advanced multi-sensor fusion and deep-learning motion priors will be crucial to overcome 
environmental magnetic interference and visual occlusions, thereby enabling precise, long-term kinematic 
assessment and immersive biofeedback during functional training in naturalistic home environments. 
Concurrently, the evolution toward ultra-low-power flexible sensor arrays and wearable field generators will 
deliver low-latency, drift-free control interfaces for assistive devices, prostheses, and exoskeletons. 
Ultimately, these advancements will establish wearable EMT as an imperceptible yet powerful backbone for 
next-generation personalized telerehabilitation and seamless human-machine coordination. 

5. Discussion 

EMT technology has great potential in rehabilitation applications due to its unique physical advantages, 
such as being occlusion-free and capable of providing full 6-DoF pose tracking. From a hardware 
integration perspective, the specific choice of EMT configurations should be strictly guided by clinical 
requirements. For post-stroke upper-limb assessment, high-end AC systems (e.g., NDI Aurora) with sub-
millimeter accuracy remain the gold standard, although their wired architecture and fixed transmitter 
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placement limit portability. For wearable and home-based rehabilitation, compact permanent-magnet 
systems with TMR sensors offer a favorable trade-off between tracking range, power consumption, and 
form factor, albeit at the cost of reduced absolute accuracy. For prosthetic control interfaces, implanted 
magnet systems provide direct muscle-tendon length measurements that are not achievable by any external 
tracking modality, but they introduce surgical complexity and long-term biocompatibility concerns. 

To further clarify the technical boundaries, Table 2 summarizes a rigorous comparison of EMT, OT, 
and IMUs across key physical dimensions. From a spatial topology perspective, these modalities represent 
fundamentally different tracking references that dictate their environmental constraints. Traditional OT 
systems offer the highest spatial accuracy but operate on an Outside-In architecture (Fixed Infrastructure). 
This setup restricts patients to structured laboratory volumes and is highly vulnerable to LOS occlusions, 
making it unsuitable for near-body or bed-ridden tasks. Conversely, IMUs function as an Inside-In modality 
(Infrastructure-Free); they provide unlimited tracking ranges for ambulatory and long-duration in-the-wild 
monitoring but suffer from unconstrained position drift over time. EMT occupies a unique, intermediate 
niche that can be conceptualized as a Local Outside-In system. By tethering the coordinate system to a 
Local Source rather than a fixed room, EMT delivers drift-free, sub-millimeter tracking without LOS 
requirements. This spatial flexibility makes it uniquely well-suited for rehabilitation scenarios involving 
occluded joints, bedside monitoring, or portable home-based telerehabilitation. 

Table 2. Comparison of motion tracking modalities for rehabilitation applications. 

Tech. LOS Req. Drift Pos. Acc. Ori. Acc. Work Range Deployment Interference 
EMT N N 0.1–5 mm 0.1°–1° 0.5–3 m Local Source Ferromagnetic/Metal 
OT Y N <0.1 mm <0.1° 2–20 m Fixed Infrastructure Ambient light/Occlusion 

IMU N Y N/A 0.5°–2° Unlimited Infrastructure-Free Magnetic fields/Iron 

Note: Values in this table represent typical ranges from literature and vary by hardware setup. OT refers to marker-based multi-camera 
systems. N/A for IMU position denotes time-dependent cumulative drift without external constraints (e.g., zero-velocity updates). 

Despite these distinct advantages, several intrinsic physical challenges must be addressed before 
widespread clinical translation. The primary limitation of EMT is its susceptibility to environmental 
interference; nearby ferromagnetic materials or electromagnetic fields can distort the magnetic flux, 
compromising tracking accuracy. Furthermore, its working range is fundamentally bounded by the 
localized field generator, typically restricting active tracking to a workspace of 0.5–3 m. 

Looking forward, the future directions of EMT will focus on breaking these physical boundaries 
through hybrid tracking frameworks. Integrating EMT with inertial sensors or optical tracking can yield 
robust, multi-modal fusion systems that mitigate drift and occlusion simultaneously. Concurrently, the 
convergence of hardware miniaturization, wireless communication, and AI-driven magnetic field distortion 
compensation will accelerate the transition of EMT from laboratory prototypes to clinical-grade, 
unobtrusive wearable devices. Standardized evaluation protocols, larger clinical validation studies, and 
regulatory frameworks will be essential to realize this clinical potential. 

6. Conclusions 

In this paper, a comprehensive survey of EMT technologies for rehabilitation engineering was provided. 
The paper systematically focused on EMT configurations that deliver robust, LOS-free pose estimation in 
complex clinical settings. We categorized these solutions based on their hardware architectures and tracking 
paradigms, evaluating the trade-offs between interference immunity and effective tracking volumes. 
Depending on the coil designs and algorithmic frameworks, current EMT systems offer 5-DoF or 6-DoF 
tracking with accuracies ranging from sub-millimeter to centimeter scales. This systemic diversity 
demonstrates that no single EMT configuration completely dominates the field; rather, the optimal system 
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selection is strictly dictated by specific rehabilitation requirements, such as target populations and clinical 
scenarios. Moving forward, the convergence of advanced sensor designs and data-driven deep learning 
models will serve as the primary catalyst for expanding the accessibility of EMT in personalized healthcare. 
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