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In intelligent perception of high-dynamic sports-like motions, inertial measurement units (IMUs) are susceptible
to sensor slippage, mounting misalignment, and global drift during prolonged high-intensity motion, which
progressively degrades the validity of one-time static calibration. To address this issue, this paper proposes
an adaptive IMU dynamic calibration method for high-dynamic sports-like motion perception. The proposed
framework takes rotation matrices and acceleration sequences from six body-worn IMUs as input and constructs
an online calibration architecture based on a Transformer Encoder backbone. Through sliding-buffer inference,
motion-diversity-triggered updating, and dual-branch parameter estimation, the method recursively updates
the drift matrix Rpg and the mounting offset matrix Rgs. Compared with static-only calibration, the proposed
method is better suited for continuous correction under motion-intensive patterns such as turning, punching-like
arm swings, jumping-like bursts, and abrupt direction changes. Experimental results indicate stable convergence
and effective parameter estimation. The experimental protocol includes static baseline comparison, original
dynamic calibration reproduction, validation on a high-dynamic sports-like proxy subset constructed from the
TIC test set, trigger ablation, and downstream proxy action recognition verification. These results demonstrate
that the proposed framework provides a practical solution for online calibration in intelligent sensing systems

for motion-intensive sports-like movements.
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1. Introduction

Sports movement monitoring and intelligent perception
aim to quantify body motion patterns, action structures,
and training performance, so as to provide scientific sup-
port for training load management, technique optimization,
and injury prevention[1]. With the rapid development of
wearable sensing technologies, inertial measurement unit
(IMU)-based motion analysis has become one of the main-
stream solutions in sports monitoring due to its low cost,
portability, and real-time capability[2, 3].

However, in high-dynamic sports-like motions, the lim-

itations of IMU-based sensing become much more pro-
nounced. First, IMUs mainly capture local motion informa-
tion around the sensor-wearing location, making it difficult
to fully characterize coordinated full-body actions[4]. Sec-
ond, in long-term movement sequences, static calibration
parameters gradually become invalid due to strap loose-
ness, body-surface deformation, and relative displacement
between the sensor and the body segment[5]. Third, high-
intensity motion patterns such as turning, abrupt stopping,
punching-like arm swings, and jumping-like bursts accel-
erate the accumulation of global drift, thereby reducing
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the reliability of downstream pose estimation and motion
analysis. Therefore, traditional static-only calibration strate-
gies are often insufficient for intelligent perception in high-
dynamic sports-like motion scenarios[6].

To address this problem, this paper proposes an adap-
tive IMU dynamic calibration method for intelligent per-
ception of high-dynamic sports-like motions. Instead of
relying on one-time static calibration before the experi-
ment, the proposed method continuously estimates calibra-
tion parameters during motion by leveraging multi-IMU
temporal observations. In addition, a motion-diversity-
triggered mechanism is introduced to determine when cal-
ibration updating should be activated, thus preventing
unreliable corrections in low-information windows. The
overall research route is divided into two stages: first, the
original Transformer Encoder-based IMU Calibrator (TIC)
baseline is reproduced to verify the complete dynamic cal-
ibration pipeline; second, the framework is extended to
high-dynamic sports-like proxy scenarios to evaluate its
effectiveness in sport-relevant motion segments.

The main contributions of this work are summarized
as follows. (1) A Transformer Encoder-based dual-branch
online dynamic calibration framework is constructed to
jointly estimate IMU global drift and mounting offset. (2) A
motion-diversity-triggered updating strategy is introduced
to adapt calibration updates to the temporal characteristics
of high-dynamic sports-like motions. (3) An experimental
protocol is designed around static baseline comparison, val-
idation on a sports-like proxy subset, trigger ablation, and
downstream proxy action recognition verification, thereby
establishing a complete research route for high-dynamic
sports-like motion sensing.

2. Related work

2.1. Wearable Sports Monitoring and Intelligent Percep-
tion

Wearable sensing systems have been widely used in run-
ning monitoring, strength-training analysis, exercise recog-
nition, and sports performance evaluation[7-9]. Related
research has reviewed the evolution from manual obser-
vation and video-based analysis to intelligent wearable
sensing, and has discussed activity recognition and per-
formance assessment as two major research directions[10,
11]. Nevertheless, real-world sports scenarios are charac-
terized by large motion diversity, unstable sensor wearing
conditions, and substantial inter-subject variability. As
a result, many existing systems still suffer from limited
cross-subject generalization and insufficient robustness in
complex movement patterns.

2.2. IMU-Based Sports Sensing and Its Limitations

IMUs have been widely adopted in sports monitoring be-
cause of their compactness, low power consumption, and
high sampling capability[12, 13]. However, their sensing
ability is inherently local and highly dependent on sensor
placement and orientation consistency[14]. Existing stud-
ies have also shown that IMUs are limited in cross-body
information perception, integration drift, and low-dynamic
movement discrimination[15, 16]. In the present work,
these limitations are further considered from the perspec-
tive of dynamic calibration. Specifically, two major error
sources are addressed: global reference drift and body-
segment-related mounting offset[17, 18]. If such errors are
not corrected online, they directly degrade the accuracy
of pose estimation and high-dynamic sports-like motion
analysis[19].

2.3. Dynamic Calibration and Temporal Modeling

Recent calibration research is gradually shifting from
manually designed geometric correction strategies to
deep-learning-based temporal modeling methods. Com-
pared with conventional convolutional networks, Trans-
former Encoder architectures are better suited to captur-
ing long-range temporal dependencies in multivariate mo-
tion sequences[20, 21]. In the present study, a Trans-
former Encoder-based framework is incorporated into
IMU dynamic calibration together with a motion-diversity-
triggered update mechanism to improve calibration stabil-
ity under high-dynamic sports-like motions[22, 23].

3. Method

3.1. Overall Model Architecture

The proposed adaptive IMU dynamic calibration frame-
work for high-dynamic sports-like motion perception is
illustrated in Fig. 1. Unlike conventional one-time static
calibration strategies, the proposed framework performs
online recursive calibration during motion and consists of
five tightly coupled components: a wearable IMU sens-
ing module, a sensor data acquisition and preprocessing
module, a motion-diversity-triggered update module, a
Transformer Encoder-based dual-branch calibration net-
work, and a calibrated output module for downstream
intelligent perception.

Specifically, six IMUs are mounted on the head, left
forearm, right forearm, left shank, right shank, and pelvis,
respectively, so as to provide sparse yet informative body
motion observations. The raw rotational matrices and ac-
celeration signals are continuously collected and written
into a sliding buffer. Once the buffered sequence reaches
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Table 1. Notation and key parameter definitions used in this study.

No. Symbol  Description Value Type
1 Cimu Number of IMUs 6 Sensor
2 INQEI) Raw rotational observation of the i-th IMU 3 x 3 matrix Input
3 ﬁg') Raw acceleration observation of the i-th IMU 3-D vector Input
4 X Model input sequence tensor 256 x 72 Input
5 R(El))c,[ Drift compensation matrix Dynamic Calibration
6 Rg%/t Mounting offset compensation matrix Dynamic Calibration
7 ARpg Increment of drift correction - Calibration
8 ARpg Increment of offset correction - Calibration
9 D Motion diversity vector 6-D vector Trigger
10 Tpg/Tes  Per-IMU drift / offset update thresholds 6-D vectors Trigger
11 Ly Online buffer length 512 frames Setting
12 seq Training sequence length 256 frames Setting
13 fs/fin Raw / input sampling frequency 60 /30 Hz Setting
14 model Transformer hidden dimension 256 Model
15 Nhead Number of attention heads 8 Model
16 1f Feedforward hidden dimension 512 Model
17 ]/ Luain  Conceptual objective / implemented training  Weighted sum / branch-wise MSE Objective / Loss
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Fig. 1. System Architecture

the predefined window length, the system evaluates the
motion diversity of the current segment. If the motion in-
formation is sufficiently rich, the buffered sequence is fed
into the Transformer Encoder-based dual-branch calibra-
tion network to estimate the drift correction and mounting
offset correction. The updated calibration parameters are
then recursively applied to produce calibrated observa-
tions, which are further used for downstream tasks such
as pose estimation, action recognition, movement analysis,
and performance evaluation. Compared with multimodal
multi-task perception frameworks, the present framework
focuses on an online dynamic calibration pipeline centered
on motion-triggered parameter updating and recursive cor-
rection.

3.1.1. Notation and Parameter Definitions

Key symbols and parameters are defined consistently
throughout the paper, and their values in the methodology
section correspond to the experimental settings, as shown

in Table 1.

3.2. Wearable IMU System and Sensor Data Acquisition

As shown in Fig. 1, the framework starts from a wearable
IMU sensing system. Six IMUs are mounted on represen-
tative upper- and lower-body locations, including the bi-
lateral forearms, bilateral shanks, the head, and the pelvis.
This sparse body-mounted configuration is intended to bal-
ance deployment convenience and motion observability in
high-dynamic sports-like motion scenarios. The choice of
these six positions allows the framework to simultaneously
capture upper-limb, lower-limb, and trunk-related motion
variations.

The raw IMU signals include rotational observations
and acceleration observations. During online operation,
all sensor streams are continuously recorded and stored in
a sliding buffer. Before entering the calibration network,
the signals are preprocessed through rotational matrix or-
ganization, normalization, buffering, and temporal down-
sampling. This preprocessing module converts raw sensor
streams into temporally aligned and normalized sequences
suitable for robust online calibration.

The online calibration process uses a sliding buffer to
maintain temporal consistency between raw IMU obser-
vations and the model input. At each time step, the raw
inertial measurement unit (IMU) data, including accelera-
tion vectors and rotation matrices from six sensors, are first
corrected using the current calibration state and then ap-
pended to the buffer in chronological order. The buffer size
is fixed to 512 frames. When the number of stored frames
is smaller than 512, no dynamic calibration is performed.

Once the buffer contains at least 512 frames, the most
recent 512-frame segment is extracted for model inference.
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Since the raw sequence is recorded at 60 Hz while the Trans-
former Encoder is trained with 30 Hz input, the extracted
segment is uniformly downsampled by a factor of two.
Specifically, every second frame is selected from the 512-
frame segment, resulting in a 256-frame input sequence:

X3H2 — (X, 511, Xe 509, -, Xi—1} @

where t denotes the current frame index. This operation
preserves the chronological order of the original sequence
and ensures that the model input is temporally aligned
with the latest raw observations.

The dynamic calibration module is triggered at a fixed
interval, e.g., every 1 s. At each trigger time, the model
estimates calibration increments from the downsampled
256-frame sequence. If the motion diversity condition is
satisfied, the calibration state is updated and applied to
subsequent IMU observations. Therefore, the raw 60 Hz
stream, the 512-frame sliding buffer, and the 30 Hz model
input are aligned through deterministic temporal indexing,
ensuring reproducible online calibration.

3.3. Motion Diversity Trigger

A key innovation of the proposed framework lies in the
motion-diversity-triggered update mechanism. In high-
dynamic sports-like motions, not all temporal windows
are equally informative for calibration. If calibration pa-
rameters are updated indiscriminately across low-motion
or low-information segments, the system may introduce
unstable corrections. To address this issue, the current
framework introduces a motion diversity evaluation block
that quantifies the richness of rotational variation within
the buffered sequence.

The motion diversity score D is designed to quantify
the richness of IMU orientation changes within the current
online calibration window. It is used as a gating criterion
to determine whether the dynamic calibration parameters
should be updated.

For the i-th IMU, the rotation matrix sequence within
the current window is denoted as

{Ri 3y, )

where N = 256. This corresponds to a 512-frame online
buffer downsampled from 60 Hz to 30 Hz. Each rotation
matrix R;; is first converted into XYZ Euler angles in de-
grees:

eir = (%it, Bit:Yit)- 3)

The Euler angles are then discretized using a bin width

of 15°:
by, = clip (ﬁlﬂ +12,0,23), 4)

bY, = clip (ﬁ;J +6,o,11) , 5)
b, = clip (| 72| +12,0,23), ©

where clip(-) constrains the index to the specified range.
The three discretized angular components are further
mapped to a one-dimensional orientation-state index:

Gip = b}y +24b, + 24 x 1207, 7)

Thus, the orientation space of each IMU is partitioned into
24 x 12 x 24 discrete cells. The motion diversity score of
the i-th IMU is defined as the number of distinct orientation
cells visited within the current window:

24x12x24-1 [ N
D; = Y, I (Z I(g; =¢q) > 0) . 8)
q=0 t=1

The final motion diversity vector is
D= (D1/D2/D3/D4/D5/D6)/ )

corresponding to the six IMUs mounted on the left forearm,
right forearm, left shank, right shank, head, and pelvis,
respectively.

The parameter settings are selected according to the on-
line inference configuration and the stability requirement of
dynamic calibration. The 512-frame buffer covers approxi-
mately 8.53 s of motion at the original 60 Hz sampling rate,
while downsampling to 30 Hz ensures consistency with
the input setting of the TIC network. The 15° bin width
balances sensitivity and robustness: a smaller bin width
would make D more sensitive to sensor noise and small
orientation fluctuations, whereas a larger bin width would
reduce its ability to distinguish informative high-dynamic
motion patterns.

The trigger thresholds 1pg and 155 are defined as IMU-
specific motion diversity thresholds for accepting dynamic
calibration updates. Here, Tp is associated with the drift
correction matrix Rpg, and Tgg is associated with the
mounting-offset correction matrix Rpg. In the implementa-
tion, they are set as:

Tpg = [10,10,10,10,10,0], (10)

55 = [30,50,30, 30,25,15]. (11)

where the six elements correspond to the left forearm, right
forearm, left shank, right shank, head, and pelvis IMUs,
respectively. During online calibration, the drift correc-
tion matrix Rpg of the i-th IMU is updated only when
D; > 1pg,, while the mounting-offset correction matrix
Rps is updated only when D; > 1pg;. If the condition is
not satisfied, the corresponding correction increment is re-
placed by an identity matrix to avoid unreliable updates
from low-information motion segments.
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The threshold values were selected according to the
motion diversity distribution observed in the online cali-
bration windows and the stability requirement of recursive
calibration. Specifically, Tp is set relatively low because
global drift correction can benefit from moderate orienta-
tion variation, whereas 7pg is set higher because estimating
sensor-to-body mounting offset requires richer relative ori-
entation coverage. The pelvis IMU uses a lower or zero
drift threshold because it provides the global reference for
ego-motion regularization and usually exhibits smaller ori-
entation diversity than limb-mounted IMUs.

The IMU-specific design reflects the different motion
characteristics of body segments. Forearm IMUs generally
show larger and more complex orientation changes dur-
ing sports actions, so their mounting-offset thresholds are
higher. Shank and head IMUs use moderate thresholds be-
cause their motion diversity is lower or more constrained.
The pelvis IMU uses a lower threshold due to its relatively
stable motion pattern and its role as the reference segment.

The validity of these thresholds was verified through
the ablation comparison between the original TIC config-
uration and the w/o Trigger setting. When the motion-
diversity gating was removed, all predicted calibration
increments were accepted regardless of D, which increased
the risk of updates from static or low-excitation windows.
The original threshold-based strategy produced more sta-
ble calibration behavior, indicating that the selected 1pg
and Tpg effectively suppress unreliable updates while pre-
serving informative high-dynamic calibration opportuni-
ties.

3.4. Transformer Encoder-based Dual-Branch Calibration
Network

Once the trigger condition is satisfied, the buffered se-
quence is fed into the Transformer Encoder-based dual-
branch calibration network. This module constitutes the
core of the proposed method. The online buffer contains
512 raw frames, which are downsampled to a 256-frame
model input. Therefore, the input tensor fed into the Trans-
former Encoder has a size of 256 x 72, where 256 denotes
the model input sequence length and 72 denotes the con-
catenated feature dimension of all six IMUs. More specif-
ically, each IMU provides a 3D acceleration vector and a
3 x 3 rotation matrix in each frame. Therefore, the frame-
wise input dimension is given by

6x (3+9) =72. 12)

The TIC network adopts a 3-layer Transformer Encoder as
the temporal feature extraction backbone. Each encoder
layer consists of a multi-head self-attention module and

a position-wise feedforward network. In this study, the
model dimension is set to d,,5,; = 256, the number of
attention heads is set to 8, and the feedforward dimension
is set to dgp = 512.

These settings are chosen to balance temporal model-
ing capacity and computational efficiency. The 3-layer
encoder provides sufficient depth to capture short- and
medium-term temporal dependencies in the 256-frame
IMU sequence, while avoiding excessive model complexity
for online calibration. The 8-head attention mechanism
allows the model to attend to different motion patterns
across IMU channels and time steps, such as limb swing,
global rotation, and local sensor perturbation. The model
dimension d,,,,4,; = 256 ensures that the 72-dimensional
IMU input can be projected into a richer latent represen-
tation, while ds; = 512 expands the feature space within
each encoder block to improve nonlinear representation
learning.

This configuration also keeps the network lightweight
enough for online inference. Therefore, the selected num-
ber of layers, attention heads, and feedforward dimension
represent a compromise between calibration accuracy, tem-
poral representation capability, and computational cost.

Based on the shared temporal feature representation
F, the network is divided into two estimation branches:
a drift branch and a mounting-offset branch. The drift
branch predicts the global drift increment, whereas the
mounting-offset branch predicts the local sensor-to-body
offset increment.

Each branch outputs a 36-dimensional vector composed
of the 6D rotation representations of six IMUs, i.e.,

36 =6 x6. (13)
Accordingly, the drift branch outputs

dPC¢ e R%, (14)
and the mounting-offset branch outputs

dBS e R%, (15)

For the j-th IMU, the network predicts two 6D rotation
vectors,

dA]DG € RS, d}BS € R®. (16)

These 6D rotation representations are then converted into
3 x 3 rotation increment matrices, denoted as ARJD G and
ARJBS , which are used for recursive state updating during
online inference. Therefore, the total output dimensionality
of the dual-branch head is 72, consisting of 36 dimensions
for drift estimation and 36 dimensions for mounting-offset
estimation. The 6D rotation representation is adopted to
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alleviate the discontinuity and instability issues associated
with Euler-angle- or quaternion-based parameterizations,
thereby providing a more stable representation for learning
rotational increments. The use of two separate branches is
motivated by the physical distinction between global refer-
ence drift and local sensor-to-segment mounting deviation.
By decoupling these two sources of error in a dual-branch
manner, the framework improves the interpretability of
calibration learning and avoids the ambiguity introduced
by direct end-to-end correction.

3.5. Calibrated Output and Downstream Intelligent Per-
ception

After the dual-branch network predicts the incremental

parameters, the framework recursively updates the drift

matrix and the mounting offset matrix according to

Rpg < RpcARpe, Rps <= ARpsRps (17)

Here, the recursive update follows Eq. (17), where the drift
state is updated by right multiplication and the mounting-
offset state is updated by left multiplication. The updated
matrices are then used to generate calibrated rotational
and acceleration observations. As shown in Fig. 1, the cali-
brated outputs are denoted as R.,;; and a.,;, which serve as
corrected motion observations for downstream perception
tasks.

The calibrated outputs can be directly integrated into
higher-level application modules, including pose estima-
tion, action recognition, movement analysis, and perfor-
mance evaluation. The contribution of dynamic calibration
therefore extends beyond the reduction of low-level sensor
error to the improvement of robustness and reliability in
downstream sports perception tasks. The current frame-
work thus establishes a complete processing chain from
wearable sensing and online calibration to downstream
perception.

3.6. Online Recursive Calibration Pipeline

The bottom part of Fig. 1 illustrates the online recursive
calibration pipeline more explicitly. The process starts with
continuous IMU collection and bulffer filling, followed by
motion diversity evaluation and trigger decision. If updat-
ing is activated, the Transformer dual-branch parameter
estimator predicts new calibration increments, which are
then used to update Rpg and Rpgs. The resulting calibrated
observations are finally output and fed back into the loop
for continuous recursive operation.

This design reflects the essential difference between the
proposed framework and conventional offline calibration
methods. Traditional calibration is performed only once

before the experiment, assuming fixed sensor attachment
and stable reference alignment. In contrast, the present
method performs recursive updating throughout the mo-
tion process, thereby making the calibration state adaptive
to time-varying dynamic sports conditions.

3.7. Training Objective

From a conceptual perspective, the proposed calibration
framework aims to improve both observation-level con-
sistency and parameter-level estimation accuracy. Accord-
ingly, the overall calibration objective can be written as

] = wiLlome + w2l ame +wslpg +wslps,  (18)

where Loy e denotes the orientation measurement error,
L ame denotes the acceleration measurement error, Lpg
denotes the drift estimation error, and Lggs denotes the
mounting-offset estimation error. Here, | represents the
desired calibration objective from a system perspective and
is used to describe the overall behavior expected from the
framework.

In the current implementation, however, the supervisory
signals are constructed from simulated drift and mounting-
offset perturbations. Therefore, the network is optimized
using parameter-level supervision on the two estimation
branches rather than directly using observation-level met-
rics as gradient supervision. Specifically, the practical train-
ing loss is defined as

Lirain = Apc - MSE(dPC,dPC) + Apg - MSE(dPS, dB%),
(19)
where dPG and dB5 denote the predicted drift and
mounting-offset parameters, while d°¢ and d5° denote
the corresponding simulated targets. In the present experi-
ments, equal weights are adopted for the two branches,

Apc =1, Apg=1. (20)

Accordingly, the implemented training loss becomes
Lirain = MSE(dP¢,dP¢) + MSE(d?°,d5%).  (21)

Under this formulation, OME and AME are not directly
used for back-propagation during training; instead, they
are used as observation-level evaluation metrics in the
experiments to quantify how the learned calibration pa-
rameters improve corrected rotation and acceleration mea-
surements. This design ensures consistency between the
conceptual objective of the framework and the practical
optimization procedure used in implementation.

By explicitly supervising the drift-estimation and
mounting-offset-estimation branches during training, and
by evaluating the resulting model from both observation-
level and task-level perspectives, the proposed framework
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Table 2. Statistics of the experimental datasets and sports-like proxy motion subsets.

Dataset / Subset Subjects Frames Windows  Description

TIC test set 5 1,049,294 3,494 Original TIC evaluation data

High-dynamic sports-like proxy subset 5 366,900 1,223 Selected high-dynamic proxy windows

Explosive proxy 5 99,600 332 Jumping- and burst-like motion patterns

Arm-swing proxy 5 79,200 264 Punching- or racket-swing-like motion patterns

Turning proxy 5 77,400 258 Shuttle-run-, side-step-, and turning-like patterns

Coordination proxy 5 110,700 369 Squat-, lunge-, cross-step-, and aerobic-like com-
binations

improves calibration robustness and downstream percep-
tual reliability in high-dynamic sports-like motion scenar-
ios.

4. Experiments and results

4.1. Experimental Setup
4.1.1. Dataset Description

The experimental dataset consisted of two components: the
original TIC baseline dataset and a high-dynamic sports-
like proxy subset. It should be noted that the second com-
ponent is not an independently collected basketball, box-
ing, or sport-specific dataset. Instead, it is a proxy subset
extracted from the TIC test sequences to approximate sev-
eral high-dynamic motion characteristics that commonly
appear in sports scenarios. The experimental data were di-
vided according to the original TIC test-set protocol, where
all available test sequences from the five subjects were used
for baseline evaluation. The original TIC baseline dataset
followed the training and test sets used in the TIC repro-
duction experiments[24] and served for baseline model
training, evaluation, and comparison. To further evalu-
ate the proposed method under sports-like high-dynamic
conditions, a high-dynamic proxy subset was constructed
from the TIC test set using a rule-based window selection
strategy.

Specifically, each continuous test sequence was divided
into non-overlapping windows of 300 frames. For each win-
dow, several motion-intensity indicators were calculated
from the ground-truth or raw IMU signals, including ac-
celeration variation, forearm angular velocity, head-pelvis
rotation variation, and multi-IMU coordination intensity.
These indicators were normalized and combined into a
comprehensive dynamic score:

S = w1Sacc + ZUZS[mg ~+ w3Syot + WaScoord (22)

where S;.c measures acceleration changes, Sg¢ reflects
rapid limb rotation, S, describes global or trunk orienta-
tion variation, and S.,,,4 measures the coordination inten-
sity across multiple IMUs. The weights were set uniformly
unless otherwise specified, so that no single motion cue
dominated the subset construction.

Windows with dynamic scores in the top 35% were se-
lected as the high-dynamic sports-like proxy subset. Ac-
cording to the dominant motion characteristics, the selected
windows were further grouped into four categories: ex-
plosive motion, arm-swing motion, turning or direction-
changing motion, and continuous coordination motion.
These category names describe motion-pattern proxies
rather than manually annotated real sports actions. For
example, the arm-swing and explosive groups are intended
to approximate motion characteristics that may occur in
boxing, racket sports, basketball jumping, or rapid sport
maneuvers, but they should not be interpreted as direct
samples from those sports. This rule-based construction
avoids manual subjective labeling and ensures that the sub-
set can be reproduced directly from the TIC test sequences.

This division strategy enables two levels of evaluation:
the full TIC test set is used to assess overall calibration
performance, while the high-dynamic proxy subset focuses
on challenging motion segments that are more similar to
sports scenarios, where rapid acceleration, large limb rota-
tion, and accumulated calibration drift are more likely to
occur. To provide a clearer description of the experimen-
tal data, the statistics of the original TIC test set and the
high-dynamic sports-like proxy subset are summarized in
Table 2.

4.1.2. Training Configuration and Model Hyperparameters

Following the experimental setup described above, the
model was trained using data from six IMU sensors. The
input dimension was set to 72. For the dual-branch output
head, each branch produced a 36-dimensional vector, cor-
responding to the 6D rotation representations of six IMUs;
therefore, the total output dimensionality of the network
was 72. During training, the sequence length was fixed at
256 frames, while an online buffer length of 512 frames was
used for inference. The raw IMU signals were sampled at
60 Hz and then processed into model inputs at 30 Hz.

The network was built with a Transformer Encoder ar-
chitecture consisting of three encoder layers. The model
dimension d,,,;,] was set to 256, with 8 attention heads in
the multi-head attention module. The feed-forward dimen-
sion d ¢f was set to 512. For optimization, the batch size
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was set to 128, the learning rate was 1 x 1073, and Adam
was used as the optimizer.

4.1.3. Training Convergence Analysis

To verify the stability of model training, the normalized
training loss, drift error, and offset error are plotted in
Fig. 2. All three curves decrease steadily during training,
indicating that the model can effectively learn both global
drift correction and local mounting-bias estimation. The
convergence trend also supports the reliability of the sub-
sequent calibration evaluation. The training loss decreases

Normalized Training Convergence

1.0 —e— loss_train
= err_drift
—— err_offset

Normalized value

Fig. 2. Normalized training convergence of loss, drift error,
and offset error

rapidly in the early epochs and then gradually stabilizes,
while both drift error and offset error show a consistent
downward trend. This suggests that the model does not
only fit the training objective, but also improves the estima-
tion of calibration-related rotation components. Therefore,
the trained model provides a stable basis for the follow-
ing static-dynamic comparison, sports-like proxy subset

evaluation, and ablation experiments.

4.1.4. Baseline Methods and Fair Comparison Settings

To evaluate the proposed method, this study sets up several
baseline and ablation experiments. EQ: Static Only uses
only the initial static calibration without online updates. E1:
Original TIC represents the original dynamic calibration
baseline. E2: Sports-TIC applies the original TIC method to
the high-dynamic sports-like proxy subset to examine its
performance under sport-relevant high-dynamic motion
patterns.

To ensure fair comparison, all experiments use the same
data split, preprocessing pipeline, input frequency, se-
quence construction strategy, and evaluation metrics when-
ever possible. The input IMU format, window length, and
testing protocol are kept consistent across different experi-
mental settings. Therefore, the observed performance dif-
ferences mainly come from the calibration strategy rather
than changes in data processing or evaluation conditions.

For ablation analysis, E3: w/o Trigger removes the
action-diversity trigger, and E4: w/o Acc removes the
acceleration-assisted branch. In addition, E5: Downstream
Verification compares downstream task performance, such
as pose estimation or action recognition, before and after
calibration.

All comparison experiments follow the same data split,
preprocessing procedure, and evaluation metrics whenever
possible, so that the performance differences mainly reflect
the effects of different calibration settings.

4.2. Evaluation Metrics

The following metrics are used for experimental evaluation.
In the current implementation, OME and AME are treated
as observation-level evaluation metrics rather than direct
optimization objectives during training.

Let N denote the number of evaluated samples. For
two rotation matrices Ry, R, € SO(3), the rotation error is
measured by the geodesic distance on SO(3):

tr(R] Ry) — 1)

) (23)

dr(Rq, Ry) = arccos (

where RIRQ is the relative rotation between R; and Rj,
tr(-) denotes the matrix trace, and dg(R1, Ry) gives the
angular distance in radians, which is reported in degrees
in the result tables.

The first metric is Orientation Measurement Error
(OME), which evaluates the correction quality of rotation
observations after calibration:

N
OME = % Y dr (RS, RE') (24)
i=1

where ﬁforr is the corrected orientation matrix of the i-th
sample after calibration, R?t is the corresponding reference
orientation matrix, and dg (-, -) is the geodesic rotation er-
ror defined in Eq. (23). Thus, OME measures the average
orientation discrepancy between calibrated and reference
rotations.

The second metric is Acceleration Measurement Error
(AME), which measures the error between corrected accel-

eration and reference acceleration:

gt

a;

Acorr
a; —

1 N
AME = ; \2 (25)

where a5°™ € R® denotes the corrected acceleration vector
of the i-th sample, u?t € R3 denotes the corresponding
reference acceleration vector, and || - ||, is the Euclidean

norm. Therefore, AME measures the mean vector error
between calibrated and reference accelerations.
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Table 3. Overall comparison between static and dynamic calibration using Orientation Measurement Error (OME),

Acceleration Measurement Error (AME), drift correction matrix error (Rpg Err), and mounting-offset correction matrix error

(RBS EI‘I‘).
Method OME AME Rpg Err  Rpg Err
EOQ: Static Only 49.9810° 2.5558 m/s? N/A N/A
El: Original TIC  15.2047° 1.3022m/s?>  9.1776°  15.2804°

The third metric is drift correction matrix error (Rpg
Err), which evaluates the estimation accuracy of the drift

correction matrix:

1 N ., "
Rpg Err = & ;dR(RDG,iIRgDG,j) (26)
1=
where RDG,i is the estimated drift rotation matrix for the
i-th sample and R%tG,i is the corresponding reference drift
matrix. This metric evaluates the mean geodesic error be-
tween estimated and reference global-drift rotations.
The fourth metric is mounting-offset correction matrix
error (Rpg Err), which measures the estimation error of the
sensor-to-body mounting-offset matrix:

1y ¢
Rps Err = Y. dr(Rps,i Rfg)) (27)
iz

where R Bs,i is the estimated sensor-to-body mounting-
offset matrix for the i-th sample and R%ts,i is the corre-
sponding reference mounting-offset matrix. This metric
evaluates the mean geodesic error of local mounting-offset
estimation.

For downstream verification, task-level metrics are intro-
duced for the multi-class action recognition task. Classifica-
tion Accuracy is used to evaluate the overall proportion of
correctly classified samples, while Macro-F1 is adopted to
provide a more balanced evaluation across different proxy
categories. These downstream metrics are reported to ex-
amine whether improvements in calibration quality can be
effectively transferred to downstream proxy action recogni-
tion performance under high-dynamic sports-like motion

conditions.

4.3. Experimental Results
4.3.1. Comparison Between Static and Dynamic Calibration

This section evaluates whether online dynamic calibration
outperforms one-time static calibration. Table 3 reports
the overall comparison between E0: Static Only and E1:
Original TIC using Orientation Measurement Error (OME),
Acceleration Measurement Error (AME), drift correction
matrix error (Rpg Err), and mounting-offset correction ma-
trix error (Rpg Err).

The results indicate that dynamic calibration substan-
tially improves performance relative to static calibration.

Compared with EO, E1 reduces OME from 49.9810° to
15.2047°, corresponding to a reduction of 69.6%, and re-
duces AME from 2.5558 m/s? to 1.3022 m/s2, correspond-
ing to a reduction of 49.0%.

This improvement is mainly because static calibration
only uses the initial calibration parameters, which may
gradually become unreliable during high-dynamic sports-
like motions. In contrast, dynamic calibration continuously
estimates Rpg and Rpg, allowing the system to compensate
for global drift and local mounting bias during motion.
Since EO does not estimate these two matrices online, the
corresponding errors are marked as N/A.

Overall, online dynamic calibration is necessary for
high-dynamic sports-like motion scenarios, as it provides
more accurate orientation and acceleration measurements
than one-time static calibration. The comparison in Fig. 3
further visualizes this improvement, showing that Original
TIC consistently reduces both OME and AME compared
with Static Only.

Static Only vs Original TIC on OME and AME

60 -
49.9810 2.5558
50 -

40

1.3022

OME (deg)
w
o
L

AME (m/s™2)
=
»

20 7 15.2047

T T T T
Static Only Original TIC Static Only Original TIC

Fig. 3. Static Only vs Original TIC on Orientation
Measurement Error (OME) and Acceleration Measurement
Error (AME).

4.3.2. Performance on High-Dynamic Sports-Like Motion Subsets
This section evaluates whether the dynamic calibration
method remains effective on high-dynamic sports-like
proxy motions. Table 4 compares E1: Original TIC with
E2: Sports-TIC across four proxy motion categories: explo-
sive, arm swing, turning, and coordination. E1 serves as
the reference result on the original TIC test set, whereas
E2 reports performance on the high-dynamic sports-like
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Table 4. Orientation Measurement Error (OME) and Acceleration Measurement Error (AME) comparison between E1 and

E2 under different sports-like motion categories.

Action Category  El: Original TIC OME  EI: Original TIC AME  E2: Sports-TIC OME  E2: Sports-TIC AME

Explosive 15.2047° 1.3022 m/s? 15.6138° 2.0424 m/s?
Arm Swing 15.2047° 1.3022 m/s? 14.7528° 1.7021 m/s?
Turning 15.2047° 1.3022 m/s? 17.2239° 1.9510 m/s?
Coordination 15.2047° 1.3022 m/ 2 13.9185° 1.8765m/ 2

Table 5. Ablation study of trigger mechanism and acceleration assistance using Orientation Measurement Error (OME),

Acceleration Measurement Error (AME), drift correction matrix error (Rp Err), and mounting-offset correction matrix error

(Rps Err).
Method OME AME Rpg Err Rpg Err
El: Original TIC  15.2047° 1.3022m/s?> 9.1776°  15.2804°
E3: w/o Trigger  15.4836° 1.3046 m/s>  9.2699°  15.5568°
E4: w/o Acc 63.5149° 9.2595m/s> 81.5929°  72.0373°

proxy subset.

Overall, Sports-TIC remains effective on the high-
dynamic sports-like proxy subset. As shown in Table 4,
the OME values of E2 remain close to the E1 baseline across
different proxy categories, indicating that the dynamic cal-
ibration strategy preserves stable orientation correction
under challenging motion conditions. To further visualize
the category-wise differences, Fig. 4 presents the OME and
AME comparison between E1 and E2 across the four proxy
motion categories. For explosive actions, rapid accelera-

Static Only Sports-TIC

8l4

OME (deg)
{

°

Fig. 4. Error comparison under different sports-like
motion categories for drift correction matrix error (Rpg
Err) and mounting-offset correction matrix error (Rpg Err).

tion fluctuations lead to relatively higher AME, whereas
OME remains close to E1, indicating that the method main-
tains orientation correction accuracy. For arm-swing ac-
tions, upper-limb IMUs exhibit more pronounced local
misalignment, making dynamic mounting-bias correction
particularly beneficial. For turning actions, larger heading
variations increase the importance of drift compensation.
For coordination actions, continuous movement sequences
are more susceptible to error accumulation, under which
online recursive updating offers greater advantage.

These results indicate that the method remains effective
in high-dynamic sports-like motion scenarios, particularly
for actions characterized by large acceleration fluctuations,

substantial heading changes, sensor-to-body misalignment,
or prolonged continuous motion.

4.3.3. Ablation Study

This section evaluates the contribution of two key compo-
nents in the dynamic calibration framework: the action-
diversity trigger and acceleration assistance. Three settings
are compared: E1: Original TIC, E3: w/o Trigger, and E4:
w/o Acc. The results are shown in Table 5.

Compared with the complete model, E3: w/o Trig-
ger yields slightly higher Orientation Measurement Error
(OME), Acceleration Measurement Error (AME), drift cor-
rection matrix error (Rp¢ Err), and mounting-offset correc-
tion matrix error (Rpg Err). This finding indicates that not
all motion windows are suitable for online updating and
that the rotation-diversity trigger suppresses unreliable
calibration updates.

The performance degradation is substantially more pro-
nounced in E4: w/o Acc. Without acceleration input, all
metrics increase markedly, indicating that acceleration pro-
vides critical complementary information for dynamic drift
and mounting-bias estimation. This contribution is espe-
cially important in high-dynamic sports-like motions with
large acceleration fluctuations.

The ablation results are visualized in Fig. 5.

4.3.4. Downstream Action Recognition Verification

To examine whether the calibration benefit can be trans-
ferred to downstream intelligent perception under differ-
ent classifier settings, three action recognition models were
evaluated: Logistic Regression, a multilayer perceptron
(MLP), and a one-dimensional convolutional neural net-
work (1D-CNN). Logistic Regression was used as a linear
baseline. The MLP takes window-level IMU statistical fea-
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Table 6. Downstream action recognition performance under subject-wise five-fold GroupKFold evaluation before and after

dynamic calibration.

Classifier Input Source Accuracy Macro-F1

Logistic Regression  Static IMU 0.351 =0.181 0.258 = 0.114
Logistic Regression =~ TIC Calibrated IMU  0.423 £0.159  0.323 + 0.097
MLP Static IMU 0.420 £ 0.145 0.325 4 0.090
MLP TIC Calibrated IMU  0.425 £ 0.130  0.328 £ 0.069
1D-CNN Static IMU 0.288 +£0.211  0.188 + 0.137
1D-CNN TIC Calibrated IMU  0.449 £ 0.088 0.408 & 0.070

E1: Original TIC E3: wjo Trigger E4: w/o Acc
8159

9.259

72.04
63.51

Normalized Error

1520 1548 1302 1305 9178 9270 1528 1556

(deg) s~2) Feeor e
Fig. 5. Ablation comparison of E1, E3, and E4 across
calibration metrics, including Orientation Measurement
Error (OME), Acceleration Measurement Error (AME),
drift correction matrix error (Rpg Err), and
mounting-offset correction matrix error (Rpg Err).

tures as input to evaluate whether the improved feature
distribution after calibration benefits a nonlinear classifier.
In contrast, the 1D-CNN directly takes temporal signals
composed of acceleration and 6D rotation representations
from six IMUs as input, enabling the model to capture local
temporal dynamic patterns during motion.

To avoid data leakage caused by samples from the same
subject appearing in both training and testing sets, all clas-
sifiers were evaluated using subject-wise five-fold Group-
KFold cross-validation. Accuracy and Macro-F1 were
adopted as evaluation metrics. In addition, to examine
whether the performance improvement of TIC dynamic
calibration over static calibration was statistically consis-
tent across subjects, paired t-tests were conducted on the
fold-wise Accuracy and Macro-F1 scores, and Wilcoxon
signed-rank tests were further reported as non-parametric
supplements. The significance level was set to p < 0.05.

The results show that TIC-calibrated IMU inputs gener-
ally outperform Static IMU inputs across Logistic Regres-
sion, MLP, and 1D-CNN classifiers. The current down-
stream action labels are proxy labels constructed from mo-
tion characteristics in the TIC dataset, rather than manually
annotated basketball, boxing, or other real sports action la-
bels. Therefore, this experiment is used to evaluate whether
improved calibration quality can promote downstream in-
telligent perception performance on sport-relevant motion
proxies, rather than to establish a fully independent real

11

sports action recognition benchmark.

As shown in Table 6, for Logistic Regression, Accuracy
increases from 0.351 £ 0.181 to 0.423 + 0.159, and Macro-F1
increases from 0.258 + 0.114 to 0.323 &£ 0.097. For MLP,
Accuracy increases from 0.420 £ 0.145 to 0.425 4 0.130, and
Macro-F1 increases from 0.325 £ 0.090 to 0.328 + 0.069.
The most evident improvement is observed in the 1D-CNN
model, which directly models IMU temporal dynamics:
Accuracy increases from 0.288 £ 0.211 to 0.449 £ 0.088, and
Macro-F1 increases from 0.188 + 0.137 to 0.408 + 0.070.

The statistical tests further show that the Macro-F1 im-
provement of 1D-CNN reaches statistical significance un-
der the paired f-test (p = 0.0211), while the Accuracy im-
provement shows a near-significant trend (p = 0.0655).
These results indicate that the proposed TIC dynamic cal-
ibration method not only reduces IMU orientation and
acceleration errors, but also transfers the improvement in
sensor observation quality to downstream temporal action
recognition tasks.

Fig. 6 visualizes the classifier-wise comparison between
Static IMU and TIC-calibrated IMU inputs for Accuracy
and Macro-F1, with statistical significance marked for the
1D-CNN Macro-F1 improvement.

Overall, these results suggest that online dynamic cal-
ibration not only improves low-level sensor observat