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Figure 1. We propose MagShield, an IMU orientation estimation method that specifically designed to address magnetic disturbances in
sparse inertial MoCap systems. By integrating with our method, existing sparse inertial MoCap systems (left, PNP; right, DynaIP) can
operate reliably even under severe magnetic condition.

Abstract

This paper proposes a novel method, named MagShield,
designed to address the issue of magnetic disturbances in
sparse inertial motion capture (MoCap) systems. Existing
Inertial Measurement Units (IMUs) are prone to orienta-
tion estimation errors in magnetically disturbed environ-
ments, limiting the practical application of inertial Mocap
systems in real-world scenarios. To address this problem,
MagShield employs a “detect-then-correct” strategy, first
detecting magnetic disturbances through multi-IMU joint
analysis, and then correcting orientation errors using hu-
man motion priors. MagShield can be integrated with most
existing sparse inertial MoCap systems, improving their
performance in magnetically disturbed environments. Ex-
perimental results demonstrate that MagShield significantly
enhances the accuracy of motion capture under magnetic
interference and exhibits good compatibility across differ-
ent sparse inertial MoCap systems. Code and dataset are
available at https://github.com/YZ-Shiao/MagShield.

1. Introduction

Motion capture (MoCap) is widely used in animation,
virtual reality, and embodied-AI. Among various motion
capture systems, solutions based on Inertial Measurement
Units (IMUs) have gained increasing popularity. Early in-
ertial MoCap systems [15, 27] adopt a dense configura-
tion, requiring actors to wear 17 IMUs. While these ap-
proaches achieve promising results, the excessive number
of IMUs causes inconvenience for users. To achieve low
cost and portability, some researchers have explored the use
of sparser IMU configurations with 6 IMUs. The continu-
ous advancement has enabled these methods [6, 7, 30–32]
to achieve notable progress in real-time performance, accu-
racy, and physical plausibility.

However, a critical challenge has been neglected in pre-
vious work, i.e., IMUs are susceptible to orientation errors
in magnetically disturbed environments [3]. This limitation
severely restricts the practical use of present IMU-based
MoCap systems, confining them to environments with sta-
ble magnetic fields and hindering their applicability in real-
world scenarios such as indoor spaces or near electronic de-
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vices. The root cause of this issue is that IMUs rely on
magnetometer measurements, which are assumed to rep-
resent the Earth’s magnetic field, to estimate their global
orientation. Sometimes, when magnetic disturbances are
present, the magnetometer captures these anomalies with-
out recognizing them as interference, mistakenly interpret-
ing the noisy magnetic field as the true geomagnetic field.
This leads to incorrect orientation estimates, further degrad-
ing the performance of inertial MoCap systems.

In this work, we propose MagShield, the first method
designed to alleviate the effects of magnetic interference
in sparse inertial MoCap systems, acting as a protective
shield. Our approach can be easily integrated with var-
ious sparse inertial MoCap systems to enhance their per-
formance in magnetically disturbed environments. Specifi-
cally, we address the problem by a detect-then-correct strat-
egy: (1) improving the accuracy of detecting “disturbed
magnetic fields”, and (2) correcting orientation errors when
they occur, providing a post-hoc remedy. The fundamen-
tal idea of our method is to leverage the prior knowledge
that “IMUs are worn on the human body”. In the following,
we detail how this prior is applied in each stage to tackle
magnetic interference.

In the disturbance detection stage, our method evalu-
ates the ambient magnetic field by jointly analyzing mea-
surements of multiple adjacent IMUs. Unlike previous ap-
proaches [12, 18, 35] which rely on single IMU readings,
our method assesses the spatial stability of the magnetic
field in a local region with multiple IMUs. Thanks to the
body-worn nature of IMUs, we can easily compute the rela-
tive positional relationships between IMUs based on the hu-
man pose, which are used to intergrating the measurements
of multiple IMUs. In our implementation, we employ an
auto-regressive framework that incorporates previously es-
timated poses into the magnetic field assessment process.
This enables more accurate detection of distortions, thereby
reducing IMU errors and improving the precision of motion
capture.

In the error correction stage, we correct orientation errors
also by utilizing human motion priors. Specifically, when
IMUs exhibit errors, their readings often correspond to im-
plausible motions, allowing us to detect and correct such
errors. While previous works [30, 32] trained networks on
noisy data to develop general noise resistance, we design a
dedicated network specifically for magnetic interference by
leveraging its unique noise model. Training such a denois-
ing network requires a large dataset of IMU data affected
by magnetic distortions, which is difficult to obtain. To ad-
dress this, we propose a novel data synthesis method that
simulates the impact of magnetic fields on IMU readings.

In summary, our main contributions include:
• MagShield, the first method specifically designed to ad-

dress magnetic interference in sparse inertial MoCap sys-

tems, which can be integrated with most existing MoCap
methods to enhance their robustness against magnetic dis-
turbances.

• A pose-aware magnetic disturbance detection method that
improves the accuracy of detecting corrupted magnetic
fields with multiple body-worn IMUs.

• A motion prior-based error correction network, leveraged
by a novel data synthesis method, to correct orientation
errors caused by magnetic interference.

2. Related Works

2.1. Motion Capture from Inertial Sensors
An IMU is a lightweight sensor capable of measuring ori-
entation and acceleration. When attached to the human
body, it can track bone rotations and reconstruct human mo-
tion. Early inertial motion capture systems [15, 27] typi-
cally employ a dense configuration, attaching 17 IMUs to
the body to fully determine the rotation of each bone. Al-
though accurate, the excessive number of sensors makes
the system inconvenient to wear and limits mobility. To
this end, sparse IMU motion capture has remained an ac-
tive area of research. The pioneering work SIP [25] demon-
strates the feasibility of using 6 IMUs for pose estimation,
but it relies on offline optimization and cannot achieve real-
time performance. DIP [6] first achieves real-time human
pose estimation, while TransPose [30] further advances it
by realizing real-time estimation of both pose and trans-
lation. Subsequent approaches have explored various per-
spectives to enhance accuracy. PIP [31] improved the phys-
ical plausibility of the results by incorporating physical con-
straints. TIP [7] addressed the interaction between humans
and terrain, enabling motion capture in non-flat environ-
ments. PNP [32] and DynaIP [34] tackle the utilization of
acceleration data from different perspectives: while PNP in-
troduce non-inertial forces to resolve ambiguities in accel-
eration under non-inertial frames, DynaIP found that lever-
aging acceleration to estimate velocity first is more bene-
ficial for network-based learning of motion characteristics.
ASIP [26] employed a Sequence Structure Module for bet-
ter capturing spatial correlations between joints. Addition-
ally, some studies have begun to explore the use of fewer
IMUs [14, 24, 28]. Despite the rapid development of IMU-
based motion capture in various aspects, a critical issue has
long been sidestepped, that is the interference of magnetic
fields on IMUs. In this work, we propose a method to en-
hance the resilience of sparse IMU motion capture systems
to magnetic disturbances.

2.2. Magnetic Field Disturbance Detection
Magnetic field disturbance detection plays a crucial role in
IMU orientation estimation. The existing approaches can be
categorized into threshold-based methods and model-based
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Figure 2. Overview of our method. In the first stage (blue, left), we transform sensor-local measurements (subscript S) to global readings
(subscript G). A pose-aware magnetic disturbance detector is used for reject disturbed magnetic field. In the second stage (green, right), we
further refine the leaf IMU readings using human motion prior. The output IMU readings of our method are then fed into inertial posers.

methods. Threshold-based methods rely on the observation
that magnetic interference often leads to noticeable devia-
tions in magnetic field characteristics. Thresholds are typi-
cally set for the magnetic field strength [12, 18, 35], the dip
angle [29], or both [4, 9, 10] to detect interference. This
solution is easy to implement; however, the threshold tun-
ing process is usually troublesome. Another category of
methods is model-based approaches, which regard magnetic
field disturbances as state variables that can be estimated
through probabilistic model. The earliest model-based work
[17] approximated magnetic field as a first-order Markov
process. However, this approach assumes a fixed distur-
bance pattern and fails to ensure reliable performance in
mismatched scenarios. An adaptive approach is proposed
by [19], which switches between different magnetic field
models according to the noise level, thereby achieving more
robust noise estimation. Although model-based methods
eliminate the need for parameter tuning, their complex im-
plementation and significant computational overhead have
limited their widespread adoption. It should be noted that,
both of the threshold-based method and the model-based
method rely solely on information from a single IMU, over-
looking the potential of leveraging multiple IMUs in Mo-
Cap scenarios. When IMUs are worn on the human body,
their relative positions and orientations can provide addi-
tional information for detecting magnetic disturbances, of-
fering a more robust solution.

3. Preliminaries

Our task is to mitigate the impact of magnetic interference
on IMU-based MoCap systems. To lay the groundwork, we
first explain how IMUs work, then introduce how magnetic

fields affect IMU orientation estimation.
An IMU consists of an accelerometer, a gyroscope and

a magnetometer. Their sensor-local measurements, includ-
ing acceleration a, angular velocity ω, and magnetic field
vector m, can be used to estimate IMU’s global orientation
R. This process relies on two core algorithms: angular ve-
locity integration and vector observation (VO) correction.
Angular velocity can be viewed as the change in sensor ori-
entation between two consecutive frames. Ideally, the sen-
sor’s orientation can be calculated by integrating the angu-
lar velocity. However, due to sensor noise [2] and numeri-
cal integration errors, the orientation error obtained through
this method accumulates over time. To address this limita-
tion, VO correction is often introduced. The core idea of
the VO correction is that by observing certain global vec-
tors in the sensor-local coordinate frame, the current ori-
entation of the sensor can be inferred. Accelerometer and
magnetometer are often used for VO correction, as they can
sense gravitational acceleration and the geomagnetic field,
respectively. The combination of the two VO corrections
and angular velocity integration through filtering algorithms
typically yields accurate results.

However, in environments with magnetic interference,
using magnetometer for VO correction may have counter-
productive effects. This is because it can be misled by
the disturbed magnetic fields. In contrast, accelerome-
ter measurements are generally more reliable. Therefore,
researchers address the problem of magnetic interference
from two perspectives. On the one hand, various methods
have been developed to detect whether the magnetic field
is being interfered with, and this is precisely the problem
that the first stage of our method aims to solve. On the
other hand, they propose decoupling the estimation of at-
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Figure 3. Illustration to our magnetic disturbance detector. Now
the magnetic fields at both ➀ and ➁ are disturbed. However, the
magnitude at ➁ happens to be close to 1. If each IMU is considered
individually, ➁ won’t be detected. However, when ➁ aggregate its
neighbors’ information, the disturbance at ➁ will be detected.

titude (roll and pitch) and heading (yaw), where gravita-
tional VO is responsible for the former, and magnetic VO
handles the latter. This can be done through different ways
[12, 20, 22, 33]. As a result, magnetic disturbances primar-
ily affect yaw, enabling orientation errors to be described
as a single degree of freedom, termed “yaw error” [1]. The
design of the second stage of our method is based on this
characteristic.

4. Method

Our method is an IMU orientation estimation module de-
signed to enhance the resilience of sparse inertial MoCap
systems to magnetic interference. The inputs to our system
are the sensor-local raw measurements (including acceler-
ations, angular velocities, and magnetic field) of 6 IMUs
placed on forearms, lower legs, head and the root. It outputs
processed IMU readings including global accelerations, an-
gular velocities, and orientations, which are then fed into
inertial posers for human motion estimation. To avoid am-
biguity, throughout the entire article, “raw measurements”
refer to the sensor-local information, which can be directly
measured. In contrast, “readings” refer to global informa-
tion, which are derived from raw measurements. As shown
in Fig. 2, our approach comprises two stages: (1) a pose-
aware multi-IMU fusion algorithm, which aims to derive
IMU readings from their raw measurements (Sec. 4.1), and
(2) a neural yaw error corrector, which further refines the
readings of leaf IMUs (Sec. 4.2).

4.1. Pose-aware Multi-IMU Filter
In this stage, we perform fusion on the raw IMU measure-
ments. The inputs of this stage are raw measurements of 6
IMUs, denoted as (a,ω,m)allS , the outputs are IMU read-
ings (a,ω,R)allG . The core challenge lies in accurately
determining whether the current magnetic field should be
used for VO correction. We first describe how we utilize

magnetometer data from multiple IMUs to detect and re-
ject disturbed magnetic fields (Sec. 4.1.1), then explain how
this information is fused with accelerometer and gyroscope
measurements (Sec. 4.1.2).

4.1.1. Pose-aware Magnetic Disturbance Detector
In previous work, a common practice is to trigger magnetic
field correction when the normalized magnitude of the mag-
netic field close to 1 [12, 18, 35]. However, even in a noisy
magnetic environment, there are often instances where the
magnetic field magnitude momentarily approaches 1. Our
key observation is that, around these “coincidental” points,
the magnetic field rarely maintains a consistent magnitude
of 1 over space.

Building on this observation, we propose a spatial con-
sistency check for magnetic field correction (Fig. 3). For
each IMU, we first identify its k nearest neighboring IMUs
based on the previously estimated pose and denote the i-th
IMU’s neighbors as N(i). We then verify whether the nor-
malized magnitudes of their magnetic fields are all close to
1. If so, the magnetic field is considered reliable and used
for VO correction. We use flagi to indicate whether the i-
th IMU should use magnetic field for VO correction, where
True enables it and False disables it. Formally, this process
can be described as follows:

flagi =

{
True if |∥mj

S∥ − 1| < ϵm,∀j ∈ N(i),

False otherwise,
(1)

here i ∈ {larm, . . . , root}, and ϵm stands for the thresh-
old. In our implementation, we set k = 3 and ϵm = 0.15.
It should be noted that, according to our detection criteria,
certain usable magnetic fields may be misclassified as ad-
verse ones when in proximity to a disturbed magnetic field.
We regard this phenomenon as a trade-off: while cautious
utilization of magnetic fields may lead to underuse of undis-
turbed data, it can enhance the system’s stability.

4.1.2. Filter Design
With the flagi indicating whether to use magnetic field cor-
rection, each IMU individually fuses its raw measurements
using an Error State Kalman Filter [21]. In the following
derivation, we omit the IMU index i for simplicity. The
state space comprises orientation, bias of accelerometer and
bias of gyroscope, denoted as [RG,a

bias
S ,ωbias

S ]. In the pre-
diction step, the angular velocity ωS is used to update RG

through integration. The discrete time prediction with time
interval δt can be expressed as:

RG,t+1 = RG,tExp
(
(ωS,t − ωbias

S,t )δt
)
, (2)

Here, Exp(·) denotes the mapping from an axis-angle rep-
resentation to a rotation matrix. In the correction step, we
apply two distinct correction methods, each triggered under
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specific conditions: VO of gravitational acceleration is ac-
tivated when the acceleration magnitude is close to 9.8, and
VO of geomagnetic field is activated when the flag is set to
True. The constrains can be formulated as:

g = RG,t(aS,t − abias
S,t ), (3)

n = RG,tmS,t, (4)

Here g and n are the constant global gravitational acceler-
ation and geomagnetic field, which are determined during
initialization. ϵa is the threshold to select gravitational ac-
celeration, which is set to 0.5. Notably, before using Eq. 4,
we project mt to the plane orthogonal to g, which ensures
there’s only “yaw error” [20]. Having defined the prediction
and correction equations, the system state can be updated
frame-by-frame following the ESKF workflow.

Now we have obtained the global orientation RG for
each IMU at each frame. Next, we can transform the sensor-
local accelerations aS and angular velocities ωS into the
global frame using the global orientation. Finally, we ob-
taine (a,ω,R)allG .

4.2. Neural Yaw Error Corrector
While the fusion process partially mitigates errors, in this
stage we further eliminate the remaining errors using hu-
man motion prior. Specifically, when IMUs produce erro-
neous readings, these readings often correspond to implau-
sible motions, such as joint rotations exceeding physiologi-
cal limits or movements deviating from natural human mo-
tion patterns. This allows us to detect and correct such er-
rors. However, correcting the yaw errors of 6 IMUs is an
ambiguous task. For instance, if the readings from the root
IMU and leaf IMUs are not consistent, it is difficult to deter-
mine whether the error occurs at the root or the leaf. Thus,
in this stage, we assume the root IMU is correct and only es-
timate the relative errors of leaf IMUs. Formally, the inputs
to this stage are global readings, (a,ω,R)allG , the outputs
are corrected leaf IMUs readings (ã, ω̃, R̃)leafG . In the fol-
lowing sections, we first introduce the network design for
this task (Sec. 4.2.1), then explain the synthesis of train-
ing data (Sec. 4.2.2) and finally describe how the network
outputs are weighted to compute the correction values (Sec.
4.2.3).

4.2.1. Relative Yaw Error Estimation
We use a neural network, named YawCorrector, to esti-
mate the relative yaw error. The inputs to YawCorrec-
tor are the root-frame-related orientations and accelerations
of 5 leaf IMUs as long as the gravity vector, denoted as
[RRL,aRL, gR] ∈ R5×(9+3)+3. Notably, it is necessary
to introduce the gravity vector in the input, which indi-
cates along which axis the correction is made. Since IMUs

only suffer yaw error, gR is accurate most of the time.
The outputs from YawCorrector are the relative error angles
∆ = [∆larm, ...,∆head] ∈ R5.

We use a standard LSTM [5] to regress the error angles,
which provides two key advantages. First, by leveraging
temporal context from multiple frames, it narrows the range
of potential error angles. While a single frame allows for
many plausible poses and a wide error range, sequential
frames result in more precise predictions. Second, its re-
current structure ensures the continuity of the output angles,
which directly translates to continuous corrected IMU read-
ings, reducing jitter in the final motion capture results. The
loss function is defined as:

L = ∥∆−∆gt∥2. (5)

4.2.2. Training Data Synthesis
To train our model, we require paired IMU readings with
yaw error and corresponding error angles. However,
datasets containing real IMU readings are scarce, and those
with erroneous IMU readings are even rarer. To address
this challenge, we develop a novel data synthesis technique
that can simulate erroneous IMU readings affected by mag-
netic fields from MoCap sequences. Subsequently, the cor-
responding error angles can be easily obtained by compar-
ing them with the ground truth rotations.

Our data synthesis method follows the pipeline of PNP
[32], which first synthesizes raw measurements (accelera-
tions, angular velocities, and magnetic field vectors) and
then derives IMU readings through sensor fusion. The pri-
mary distinction lies in our approach to simulating magnetic
fields: while PNP assumes a constant geomagnetic field, we
introduce magnetic disturbances, thereby simulating the im-
pact of magnetic interference on the IMU. Below, we detail
our method for synthesizing magnetometer’s measurements
under magnetic interference.

We first generate a magnetic field by randomly placing
magnets around a virtual room and then superimpose it with
the Earth’s magnetic field. Given a position x, we can com-
pute the global magnetic field mG(x) at that location using
electromagnetic simulation [16]. Then we put the MoCap
character in the virtual environment. We use the standard
mesh-based method [6, 11] to synthesize the 6DoF trajec-
tory of each IMU from MoCap sequences [13]. We de-
note the obtained 6DoF trajectory as {R,p}. Finally we
can compute the sensor-local magnetometer’s measurement
through:

msyn
S = RTmG(p). (6)

The erroneous IMU orientation can be obtained through
Error State Kalman Filter [21]:

Rerr = ESKF(asyn
S ,ωsyn

S ,msyn
S ), (7)

here asyn
S and ωsyn

S are synthesized following [32]. The
ground truth IMU orientation R has been already calculated
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when synthesize the 6DOF trajactory. By calculating the
relative rotation between Rerr and R we obtain the absolute
yaw error angles θ for each IMU. The relative error angles
between the i-th leaf and the root can be calculated as:

∆gt
i = θi − θroot, (8)

which serve as supervision during the training process.

4.2.3. Weighted Correct Strategy

We then use the predicted error angle ∆ to correct leaf IMU
readings (a,ω,R)leafG . This process corresponds to the Mo-
tion Prior Correction shown in the Fig. 2. However, the
output of YawCorrector is not directly used to correct IMU
readings but is instead weighted. Intuitively, when the am-
bient magnetic field is reliable, we tend to avoid using the
YawCorrector. Conversely, when the magnetic field is unre-
liable, we prefer to employ the YawCorrector. Specifically,
we define a weight w ∈ [0, 1]. It is initialized by 0 and it is
updated according to the following equation in each frame:

w =

{
w − 0.01 if ∩ flagi,

w + 0.01 otherwise,
(9)

w is always clamped between [0, 1]. This update formula
means: if no IMU detects magnetic disturbance in a given
frame, we reduce the weight; once any IMU detects mag-
netic disturbance, we increase the weight.

We use the weighted output to correct the leaf IMUs by:

R̃i
G = Rg(−w∆i)R

i
G, (10)

ãi
G = Rg(−w∆i)a

i
G, (11)

ω̃i
G = Rg(−w∆i)ω

i
G, (12)

where Rg(θ) donates a rotation of θ radians around the
gravity axis, and i ∈ {larm, . . . ,head} represents the
i-th leaf joint. Finally, the corrected leaf IMU read-
ings (ã, ω̃, R̃)leafG , together with the root IMU readings
(a,ω,m)rootG , are fed to some spare inertial MoCap sys-
tem.

5. Experiments

In this section, we first present the implementation details
(Sec. 5.1), and then conduct comparisons with previous
methods (Sec. 5.2). We do further ablation studies to eval-
uate our key designs (Sec. 5.3). At last, we discuss our
limitations (Sec. 5.4).

5.1. Implementation Details
Network Structure. Our YawCorrector adopts an RNN
architecture, comprising a linear input layer, two Long
Short-term Memory (LSTM) [5] layers, and a linear output
layer. The linear layers employ ReLU as their activation
function, and the hidden dimension is set to 256. During
training, the dropout rate is set to 40%, batch size is set to
256, and Adam optimizer [8] is used.

Hardware and Performance We conduct performance
tests on Intel(R) Core(TM) i9-13900KF CPU and an
NVIDIA RTX4090 GPU. Our sensor fusion can run at
1000FPS and YawCorrector can run at 400FPS, indicat-
ing that our method is lightweight enough. When the most
time-consuming sparse inertial MoCap system PNP [32] is
integrated with our method, it can still run at 60FPS.

Datasets. For training, we only use synthesized data from
AMASS [13]. For testing, since previous datasets are col-
lected in environments with minimal magnetic interference,
we collect a new dataset under severe magnetic interfer-
ence, named MagIMU. We use MagIMU to evaluate our
method’s performance under magnetic disturbances and use
TotalCapture [23] to evaluate its performance in environ-
ments with clean magnetic fields. Some basic information
of MagIMU dataset is as follows. The dataset contains ap-
proximately 70 minutes of motion data captured from 5 sub-
jects, each equipped with 6 IMUs, and includes raw IMU
measurements at 100FPS, SMPL poses, and global trans-
lations. For more detailed information, please refer to the
supplementary material.

Evaluation Principles. Although our method is respon-
sible for IMU orientation estimation, we do not directly
evaluate the accuracy of IMU orientations in our experi-
ments. This is due to two reasons: (1) obtaining ground
truth for IMU orientations is challenging, and (2) in mo-
tion capture scenarios, it is essential to consider not only
the accuracy of individual IMUs but also their coordination.
Therefore, we alternatively evaluate an IMU orientation es-
timation method by feeding their output IMU readings to
inertial posers and assessing the accuracy of the final Mo-
Cap results. Two state-of-the-art sparse inertial posers are
used for evaluation process: PNP [32] and DynaIP [34].
PNP combines data-driven and physics-driven techniques,
jointly estimating pose and translation, while DynaIP is a
purely data-driven approach that only estimates pose.

Metrics. To evaluate the accuracy of local pose, we use
the following metrics: (1) SIP Error (◦): the mean global ro-
tation error of the hips and shoulders; (2) Angular Error (◦):
the mean global rotation error of all joints; (3) Positional
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Figure 4. Qualitative comparison with baseline methods. Exam-
ples are picked from the newly collected MagIMU dataset.

Error (cm): the mean position error of all joints; (4) Mesh
Error (cm): the mean position error of the SMPL mesh ver-
tices. Before measuring these metrics, we first align the root
joint of the estimated pose with the ground truth. To evalu-
ate the accuracy of translation, we calculate the cumulative
translation error. Specifically, we first divide the estimated
and ground truth motion trajectories into segments based on
the subject’s actual travel distance. For each segment, we
align the position and heading of the first frame and then
compute the positional error of the last frame.

Baseline. We take the standard ESKF [21] as the baseline.
It detects magnetic field disturbances individually for each
IMU, which can be regarded as a special case of our method
proposed in Sec. 4.1 when k = 1. Notably, this baseline
method performs comparably to the commercial IMU [15]
in terms of motion capture accuracy. The comparison be-
tween them is shown in supplementary material.

5.2. Comparisons
We compare our method with the baseline on MagIMU
from two perspectives: local pose and global translation.

Method SIPE AngE PosE MeshE

PNP

baseline 26.63 24.65 8.99 10.86
+detector 25.67 23.20 8.56 10.26
+detector+net (w/o syn mf) 24.41 20.53 8.26 9.86
+detector+net (w/ syn mf) 24.1924.1924.19 20.2320.2320.23 8.178.178.17 9.749.749.74

DynaIP

baseline 31.55 28.79 9.10 11.17
+detector 30.79 27.26 8.64 10.67
+detector+net (w/o syn mf) 28.78 22.51 8.12 9.91
+detector+net (w/ syn mf) 28.6828.6828.68 22.1222.1222.12 8.058.058.05 9.849.849.84

Table 1. Quantitative comparisons of different IMU orientation
estimation methods on local pose. Conducted on MagIMU.

As for local pose estimation, the quantitative results are
shown in Tab. 1. Comparing with baseline, our method re-
duces errors by about 10% in all metrics, which comes from
our method’s ability to mitigate magnetic disturbances.
Among these metrics, joint rotation error shows the most
significant reduction, reaching 25%, while the improve-
ments in other metrics are less pronounced. This can be at-
tributed to two main reasons. First, yaw error often does not
lead to significant deviations in joint or vertex positions. For
instance, when a person stands upright, yaw error may cause
the arms and legs to severely twist or contort, yet the joint
and vertex remain almost unchanged. Second, yaw errors
primarily occur at the leaf nodes, where they tend to cancel
each other out, resulting in minimal impact on the torso. As
a result, the SIP error, which measures torso pose accuracy,
shows little change. In short, we argue that angular error
better reflects the resilience to magnetic disturbances. Ad-
ditionally, our method demonstrates effectiveness across the
two inertial posers, indicating its compatibility with differ-
ent sparse inertial MoCap systems. The qualitative results
are shown in Fig. 4. When the baseline method is used as
the system input, these sparse inertial MoCap systems are
significantly affected by the so-called “yaw error” and out-
put implausible results. Meanwhile, when integrated with
our method, the results become much more accurate.

We also compare the translation error. Since DynaIP
[34] doesn’t estimate global translation, we only conduct
comparison on PNP [32]. As shown in Fig. 5, our method
has lower error, which comes from the more accurate IMUs
readings.

5.3. Ablation Studies
Key Components. Our method is composed of two key
components: a pose-aware magnetic disturbance detector
(referred to as the detector) and a neural yaw error correc-
tor (referred to as the net). To further illustrate the function
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Figure 5. Translation comparisons of different IMU orientation
estimation methods integrated into the PNP pipeline. Lower curve
indicates smaller error. Conducted on MagIMU.

of each components, we compare three methods: baseline,
baseline+detector, baseline+detector+net. We don’t com-
pare baseline+net with them since our YawCorrector net
needs the information from the detector to determine its cor-
recting weight. From Tab. 1 and Fig. 5, we can clearly
see that both the detector and the net lead to improvements.
It is worth noting that although the YawCorrector net only
corrects leaf nodes, it still contributes to global translation.
This is because, in PNP, global velocity estimation relies on
local pose, and more accurate local poses lead to more ac-
curate global velocities. Additionally, local poses also influ-
ence global translation through ground contact constraints.

Erroneous IMU synthesis. When preparing training
data, we synthesize IMU readings with yaw error by add
noise to magnetic field and simulate its impact on IMU
readings through sensor fusion. To demonstrate the bene-
fit of our approach, we compare it with a naive approach. In
the naive approach, we first synthesize IMU readings with-
out magnetic disturbance, and then add walking noise along
yaw direction to get erroneous IMU readings. Using these
data, we train another YawCorrector, and compare its per-
formance with our version. As reported in Tab. 1, when
our data synthesis method was replaced by the naive one,
the trained model exhibited a slight decline in performance.
We suggest that the advantage of our method stems from its
more realistic simulation of IMU behavior under real-world
magnetic disturbances.

Performance on clean data. We also evaluate our
method on TotalCapture [23] dataset to ensure that it does
not introduce adverse effects in environments with minimal
magnetic interference. Since it only contains data in 60

FPS, we can’t run our multi-IMU fusion algorithm which
involve high frequency integration. Thus, we replace it with
official IMU readings, but keep the pose-aware magnetic
field detector for determining the weight for YawCorrec-
tor. We conduct the comparison between origin PNP and
PNP enhanced by our method. As the result, our method
achieves performance comparable to previous methods, in-
dicating that our method can serve as an always-on compo-
nent across different environments. Since the results show
no significant differences, we present them in the supple-
mentary material.

5.4. Limitation
When users remain in magnetically disturbed environments
for extended periods, our filter may accumulate errors:
while the YawCorrector ensures plausible local poses, drift
can occur in the global heading. Another limitation is that
our proposed pose-aware magnetic disturbance detector re-
lies solely on IMU positional information without incorpo-
rating their relative rotations. Integrating inter-IMU relative
rotations with local magnetic field directions at each sensor
could potentially yield improved results. Additionally, our
method assumes a mean body shape and fixed sensor-body
alignment; thus, it may not work well for children or when
sensors slide.

6. Conclusion
This work proposes a novel method to address magnetic in-
terference in sparse inertial MoCap systems. To the best
of our knowledge, it is the first work dealing with the re-
silience of sparse inertial MoCap systems to magnetic dis-
turbances. On one hand, we propose a pose-aware mag-
netic disturbance detector that prevents IMUs from being
misled by non-geomagnetic fields by aggregating informa-
tion from neighboring IMUs. On the other hand, we intro-
duce a human motion prior-based IMU correction network
that detects and corrects errors in IMU readings, providing a
post-hoc remedy. Experiments demonstrate that our method
enhances the performance of various sparse inertial Mocap
systems in magnetically disturbed environments.
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