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IMU Shoulder Angle Estimation: Effects of
Sensor-to-Segment Misalignment and

Sensor Orientation Error
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Abstract— Accurate shoulder joint angle estimation is
crucial for analyzing joint kinematics and kinetics across
a spectrum of movement applications including in athletic
performance evaluation, injury prevention, and rehabilita-
tion. However, accurate IMU-based shoulder angle estima-
tion is challenging and the specific influence of key error
factors on shoulder angle estimation is unclear. We thus
propose an analytical model based on quaternions and
rotation vectors that decouples and quantifies the effects of
two key error factors, namely sensor-to-segment misalign-
ment and sensor orientation estimation error, on shoulder
joint rotation error. To validate this model, we conducted
experiments involving twenty-five subjects who performed
five activities: yoga, golf, swimming, dance, and bad-
minton. Results showed that improving sensor-to-segment
misalignment along the segment’s extension/flexion dimen-
sion had the most significant impact in reducing the
magnitude of shoulder joint rotation error. Specifically,
a 1◦ improvement in thorax and upper arm calibration
resulted in a reduction of 0.40◦ and 0.57◦ in error mag-
nitude. In comparison, improving IMU heading estimation
was only roughly half as effective (0.23◦ per 1◦). This
study clarifies the relationship between shoulder angle
estimation error and its contributing factors, and identi-
fies effective strategies for improving these error factors.
These findings have significant implications for enhanc-
ing the accuracy of IMU-based shoulder angle estimation,
thereby facilitating advancements in IMU-based upper limb
rehabilitation, human-machine interaction, and athletic per-
formance evaluation.

Index Terms— Inertial sensors, orientation estimation,
sensor-to-segment alignment, shoulder angle estimation.
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I. INTRODUCTION

THE shoulder joint plays a vital role in daily life and
sports [1], [2], [3], requiring accurate and portable angle

estimation for applications such as home-based rehabilita-
tion [4], human-machine interaction [5], and sports perfor-
mance evaluation in real-world environments [6], [7], [8].
In this regard, the utilization of an inertial motion cap-
ture (IMC) system, consisting of inertial measurement
units (IMUs), presents a low-cost and portable solution for
upper limb motion capture [9], [10].

Numerous methods have been developed to estimate
shoulder joint rotation or angles [11], [12], [13], [14], [15],
[16], [17], but the accuracy of these estimations can vary
depending on factors such as the experimental environ-
ment, motion velocity, and sensor positioning [18]. However,
the estimation error can be attributed to two key factors:
IMU orientation estimation error and sensor-to-segment mis-
alignment [19], [20]. IMU orientation estimation tracks the
movement of the segment, while sensor-to-segment alignment
ensures that the estimated IMU local coordinate system aligns
with the segment’s anatomical coordinate system. Conse-
quently, the joint rotation is determined as the relative orien-
tation between two adjacent segments [21], which are tracked
by sensors attached to them. Joint angles can be obtained by
applying Euler decomposition to the joint rotation if required.
Therefore, the aforementioned primary error sources can be
categorized as the underlying factors contributing to the key
error factors, which can be quantified through experiments.

Despite the categorization of error sources into sensor-to-
segment misalignment and IMU orientation estimation error,
the effects of these two key factors on shoulder rotation
errors remain unclear. This knowledge gap hinders the devel-
opment of shoulder angle estimation-related applications and
the improvement of accuracy in such systems. Sensor-to-
segment alignment methods, also known as calibration, have
been extensively studied and validated for their accuracy and
repeatability in previous research [20], [22], [23]. Additionally,
the estimation errors of IMU orientation and shoulder joint
angle during sports and rehabilitation movements have been
widely documented [20], [24]. However, limited research has
investigated the effects of these error factors on joint rotation
or angles. Fan et al. [19] analyzed the effects of sensor-to-
segment misalignment and IMU orientation errors on knee
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angles during drop landing and cutting trials. However, these
effects were computed by simulating each error factors at
various levels, lacking quantitative evidence of the impact of
these factors on joint angle estimation accuracy. Importantly,
none of these studies have performed a direct analytical
assessment of the error factor changes on the improvement of
joint angle estimation accuracy. As a result, existing research
on error factors cannot offer analytical guidance or impli-
cations for applications involving shoulder angle estimation.
While studies reporting shoulder joint errors under varying
circumstances offer limited instruction for novel research due
to the variability in experimental environments and protocol
requirements. Consequently, the absence of a model connect-
ing error factors and joint rotation errors hinders the impact
of research dedicated to error factors and the advancements in
shoulder angle estimation accuracy.

Previous research suggested that improving calibration
methods or IMU orientation estimation can help reduce joint
angle estimation error [25], [26], [27], [28]. However, none
have provided analytical models to assess the effectiveness of
these potential error reduction methods, resulting in a lack
of specific guidelines for improving estimation accuracy in
their specific applications based on collected data. In addition
to deriving guidance from calibration or IMU orientation
estimation validation for joint angle estimation, it is also
crucial to obtain instructions from existing experimental results
backwards to effectively reduce these two key error factors
and improve estimation accuracy. Therefore, the comprehen-
sive model connecting the error factors and the joint angle
estimation error should also identify the specific error factor
components that have the greatest impact on reducing the
estimation error, taking the research a step further.

In this paper, we present a novel model to decouple and ana-
lytically quantify the effects of key error factors on shoulder
angle estimation in two steps. Specifically, our model connects
the IMU-based shoulder angle estimation error, expressed as
joint rotation error in rotation vector, with two key error
factors: sensor-to-segment misalignment and IMU orientation
estimation error, both represented by rotation vectors. First,
a linear approximation model on quaternions and rotation
vectors is proposed to bridge the gap between shoulder rotation
error and its underlying key error factors. Second, by lever-
aging this approximation model, we analytically derive the
“effect Jacobian” of these key error factors, which quan-
titatively measures the impact of each factor component’s
improvement on the overall estimation accuracy by partial
derivative. To validate the proposed model, we conducted an
experiment involving five different activities. The results have
provided valuable insights into the impact of reducing specific
error factor components on the improvement of shoulder
angle estimation accuracy. Through the quantification of these
effects, we aim to identify the significant components and
determine the appropriate adjustment strategies for enhanc-
ing estimation accuracy, based on the existing experimental
results.

To the best of our knowledge, this study is the first to present
a direct analytical model connecting joint angle estimation
error with its error sources. Additionally, it is the first study

Fig. 1. Procedure and experimental setup for shoulder joint angle
estimation. (a) The shoulder joint angle estimation algorithm consists of
three steps. 1) sensor orientation estimation: Determines the orientation
of the sensor with respect to the inertial-global reference coordinate
system; 2) sensor-to-segment alignment: Obtains the alignment trans-
formations between the sensors and the segment coordinate system
through calibration; 3) shoulder rotation/angle calculation: Computes the
relative orientation between the proximal segment (thorax) and the distal
segment (upper arm) as the shoulder rotation and further decomposes it
into shoulder angles. (b) The experiment utilizes OMC with nine markers
on each side of the upper limb and seven markers on the thorax to define
and track the body segment coordinate system.

to provide a quantified assessment of the significance of
each error factor component on reducing joint rotation error,
based on the obtained experimental results. Our work could
have important implications for the development of calibration
methods and IMU orientation estimation techniques, as it
converts their progress into valuable guidance for improving
the accuracy of inertial motion capture systems. By offering
insights into the significance of error factor components based
on specific experimental data, our study could also contribute
to the implementation and advancement of accurate rehabili-
tation and sports performance evaluation systems tailored to
individuals or activities.

II. METHODS

A. IMU-Based Shoulder Angle Estimation
Consistent with the CAST procedure [29] employed in

OMC, shoulder joint rotation is estimated by IMC follow-
ing the three-step procedure [13], [30] (Fig. 1), where the
shoulder joint rotation is defined as the relative orientation
between the proximal segment (thorax) and distal segment
(upper arm) [21], as described by

J A−eq =

(
OGC SqST −e

)∗

⊗
OGC SqSU−e

(1)

where OGC SqST −e
and OGC SqSU−e

represent the orientation
quaternions of the body segment (S), thorax (T ), and upper
arm (U ) coordinate systems (CS), as estimated by the IMC.
J A−eq denotes the IMC-estimated shoulder joint rotation,
which can be further decomposed into shoulder Euler angles.

The math denotations of the CSs, rotation and errors
are summarized in Table I. The body segment movement is
tracked by the adhering IMU assuming that the invariant
sensor-to-segment alignment transformation throughout the
trial. This sensor-to-segment alignment transformation can be
obtained by various calibration methods such as static cali-
bration [22], [30] and functional calibration [13], [31], [32].
Therefore, the segment CS orientation with respect to the
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TABLE I
MATHEMATICAL NOTATIONS AND EXPLANATIONS

optical-global reference CS (OGC S) is estimated from IMU
orientation and sensor-to-segment alignment transformation as
follows,

OGC Sqt
S∀−e

=
OGC Sq I GC S ⊗

I GC SqI∀−e
⊗
I∀−e qS∀−e

(2)

where I GC Sq I∀−e
denotes orientation of the estimated IMU

local CS I∀−e on a body segment (thorax or upper
arm) with respect to inertial-global reference CS (I GC S),
I∀−e qS∀−e

denotes the sensor-to-segment alignment trans-
formation quaternion of a body segment and OGC Sq I GC S
denotes the transformation aligning OGCS and IGCS, which is
obtained by methods introduced in [33] and [34]. The quater-
nion representation of the shoulder joint rotation is obtained
by substituting (2) into (1). When specifically focusing on
the estimation of shoulder joint rotation while disregarding
joint translation, it becomes evident that various error factors,
including calibration methods, experimental environment, and
motion velocity, can be consolidated into two key error factors
(Fig. 2): sensor-to-segment alignment error and sensor orien-
tation estimation error. Two key error factors associated with
each segment subsequently contribute to the overall shoulder
rotation error.

Fig. 2. Demonstration of analyzed errors. (a) Interrelationship of
analyzed errors. (b) Illustration of segment orientation error, sensor-
to-segment misalignment, and orientation estimation error at a random
pose.

1) Sensor-to-Segment Alignment Error: The sensor-to-
segment alignment error Calib∀

δq of each segment is defined
as the relative transformation between the reference and esti-
mated sensor-to-segment alignment transformation, formulated
as follows,

Calib∀
δq =

(
I∀−e qS∀−e

)∗

⊗
I∀−r qS∀−r

(3)

where I∀−e qS∀−e
and I∀−r qS∀−r

denote the estimated and
reference sensor-to-segment alignment transformation for a
segment, respectively. The reference sensor-to-segment align-
ment refers to the transformation between OMC segment
CS and reference IMU local CS, which is derived from the
reference marker cluster local CS.

2) Sensor Orientation Estimation Error: Multiple algorithms
have been developed to estimate the IMU orientation, but it
is important to note that the these algorithms estimate the
orientation with respect to the IGCS of each IMU. These
IGCSs typically differ from the OGCS and the IGCSs of
other IMUs [35]. Consequently, OGCS and IGCS of each
IMU require an independent alignment process [33], [34]. The
sensor orientation estimation error at time t is quantified as the
relative orientation between the estimated and reference sensor
orientation expressed in OGC S [26], formulated as follows,

Ori Estδqt
=

OGC Sqt
I∀−r

⊗

(
OGC Sqt

I∀−e

)∗

=
OGC Sqt

I∀−r
⊗

(
OGC Sq I GC S ⊗

I GC SqI∀−e

)∗

(4)

B. Shoulder Rotation Error Linear Approximation
Joint rotation calculations could interconnect error com-

ponents from various sources and segments, resulting in
a complex and non-intuitive relationship. Therefore, the
shoulder rotation error is first linearly approximated as the
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composition of error vectors in this section, and then the partial
derivative of the approximated shoulder rotation error magni-
tude with respect to the XYZ components of the key error
factors is introduced in section II-C.

Joint angles are usually expressed in Euler angle due to
its concise physical interpretation. However, Euler angles
suffer from the gimbal lock problem, which occurs in T-pose
following the anatomical segment CS definition recommended
by ISB [21]. Therefore, in this paper, joints and joint errors are
represented by joint rotations using quaternions instead of joint
angles, as the former are immune to gimbal lock issues and
can be transformed into joint angles when required. Joint rota-
tion error, which comprises the sensor-to-segment alignment
error and sensor orientation estimation error defined above,
is defined as the relative quaternion between the reference
joint rotation quaternion and the estimated joint rotation, and
is formulated as follows,

J Aδq = (J A−r q)∗ ⊗ J A−eq

=

(
ST −r qSU−r

)∗

⊗
ST −e qSU−e

(5)

The relationship between the estimated and reference shoulder
rotation is derived by introducing orientation errors of segment
CS and extending (1), as follows,

J A−eqt
=

(
OGC Sqt

ST −r
⊗

(
ST −eδqt

ST −r

)∗)∗

⊗
OGC Sqt

SU−r
⊗

(
SU−eδqt

SU−r

)∗

=
ST −eδqt

ST −r
⊗ J A−r qt

⊗

(
SU−eδqt

SU−r

)∗

(6)

where ST −eδqt
ST −r

and SU−eδqt
SU−r

denotes the orientation
error between estimated and reference segment CS of thorax
and upper arm, respectively. The segment orientation error can
be derived as follows,
S∀−eδqt

S∀−r

=

(
OGC Sqt

S∀−e

)∗

⊗
OGC Sqt

S∀−r

= Calib∀
δq ⊗

(
OGC Sqt

S∀−r

)∗

⊗ Ori Est∀δqt
⊗

OGC Sqt
S∀−r

(7)

Despite the explicitness in coordinate transformations’
derivation, the algebraic value of quaternions are usually found
hard to understand. Therefore, rotation vectors are employed
in representing errors, as they also have better properties for
linear approximation. Rotation vectors express the rotation
axis and angle between two coordinate systems using a 3D
vector [36]. Additionally, when the magnitude is small, the
XYZ components of the rotation vector can be approximated
as the XYZ angles of Euler angles [37], helping to understand
the physical significance of the computed errors.

Given the small error magnitude, the rotation vector of
segment orientation in (7) can be approximated as a linear
combination of the rotation vectors associated with the two
key error factors, see (8). Similarly, the joint rotation error is
approximated as the linear combination of the rotation vectors
associated with two segment orientation errors (see (9)),
by substituting (6) into (5). The approximation can be proved

Fig. 3. Composition of sensor-to-segment alignment errors and IMU
orientation estimation errors of proximal (thorax) and distal (upper arm)
segments. The solid line represents the error vectors of the distal seg-
ment, and the dashed line represents the proximal segment errors. The
sphere represents the range of endpoints of a fixed-magnitude sensor
orientation estimation error vector across different segment orientations.

by converting quaternion representation into rotation matrices
and linearly approximating the error matrices as the sum of
the identity matrix and a skew-symmetric matrix [37], [38].

S∀−eδφt
S∀−r

≈ Calib∀
δφ +

(
OGC S Rt

S∀−r

)T
× Ori Est∀δφ

t (8)

J Aδφt
≈

(
J A−r Rt)T

×
ST −eδφt

S∀−r
+
ST −eδφt

S∀−r
(9)

where R denotes the rotation matrix that applied equiv-
alent rotation on φ with the quaternion multiplication
(q ⊗ [0, φ] ⊗ q∗) applied. By substituting (8) into (9), the
relationship between the joint rotation error and the two key
error factors can be expressed as follows,

J Aδφt
≈

(
J A−r Rt)T

× CalibT δφ − CalibU δφ

+

(
OGC S Rt

SU−r

)T
×

(
Ori EstT δφt

− Ori EstU δφt)
(10)

where the rotation matrices R only apply rotations to key error
factors vectors without altering their magnitudes, defining the
range of motion sphere for a fixed-magnitude error vector
(Fig. 3). The overall shoulder joint error is the linear com-
bination of rotation vectors representing sensor-to-segment
alignment errors and orientation estimation errors on thorax
and upper arm (see (10)). Two key error vectors, namely
sensor-to-segment alignment error, and sensor orientation esti-
mation error, from each segment first compose to the segment
orientation error vector, which has an endpoint on a sphere
centered at the endpoint of the sensor-to-segment alignment
error vector (see (8)). Importantly, during the experiment, any
change in sensor orientation estimation error magnitude will
result in a deviation of the vector from its original sphere.
Finally, the proximal and distal segment orientation error
vectors are rotated and composited to form the joint rotation
error vector (see (9)).

C. Quantifying Effect of Error Factors on Shoulder
Rotation Error by Partial Derivative

As the shoulder rotation error can be approximated as
the sum of four rotation vectors, the quantification of the
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effects of error factors from two adjacent segments on
the shoulder rotation error magnitude can be conducted
through partial derivative. Expressed as a rotation vector, the
shoulder rotation error’s magnitude represents the axis-angle
error in estimated shoulder rotation. The quantified effects,
also referred to as the “effect Jacobian”, are presented
in (11) and (12).

J t
=



∂∥J Aδφt
∥

∂CalibT δx
∂∥J Aδφt

∥

∂CalibU δx
∂∥J Aδφt

∥

∂Ori EstT δxt
∂∥J Aδφt

∥

∂Ori EstU δxt

∂∥J Aδφt
∥

∂CalibT δ y
· · · · · ·

...

∂∥J Aδφt
∥

∂CalibT δz
· · · · · ·

∂∥J Aδφt
∥

∂Ori EstU δxt



=


J Aδxt

∥J Aδφt
∥

J Aδ yt

∥J Aδφt
∥

J Aδzt

∥J Aδφt
∥

 ×


CalibT K t

CalibU K t

Ori EstT K t

Ori EstU K t


T

J Aδφt
=

[
J Aδxt

J Aδ yt
J Aδzt ] ,

CalibT K t
=


[

J A−r Rt ]
11[

J A−r Rt ]
22[

J A−r Rt ]
33


T

,

CalibU K t
=

−1
−1
−1

T

, Ori EstT K t
= −Ori EstU K t (11)

Ori EstT K t
=


[

OGC S Rt
SU−r

]
11[

OGC S Rt
SU−r

]
22[

OGC S Rt
SU−r

]
33


T

(12)

where δx, δ y, δz denote the x, y, z component of the rotation
vector δφ, respectively;

[
Rt ]

i j denotes the value in the i
row and j column of the corresponding rotation matrix R;
J t denotes the “effect Jacobian” of the error factors’(one
for each column) components at time t . Each element of
the “effect Jacobian” represents the change in the magni-
tude of the shoulder rotation error resulting from a small
variation in each error factor component. K denotes the
coefficient in (11). Specifically, XYZ components of CalibT K t

denotes the coefficients of respective XYZ components
of CalibT δxt .

The mean shoulder rotation error of a trial is determined by
averaging the error magnitudes at each time point throughout
the trial. Additionally, since the shoulder rotation magnitudes
at different time steps are independent of each other in
calculation, the mean “effect Jacobian,” J , which reflects
the impact of error factor variations on the mean shoulder
rotation error magnitude, can be computed as the average of
the “effect Jacobian” values at each time point throughout the
trial, as follows,

∥J Aδφ∥ =
∑

∥J Aδφt
∥/

∑
t, J =

∑
J t/

∑
t (13)

III. EXPERIMENTS AND RESULTS

A. Experimental Setup
Twenty five healthy subjects (age: 22.88 ± 0.86; height:

1.73 ± 0.07m; weight: 61.04 ± 9.21kg; gender: 17 males
and 8 females; all right-handed) participated in this study.
This experiment was performed in accordance with the
Helsinki Declaration and was approved by the ethics commit-
tee of Shanghai Jiao Tong University (No. E2021013P). Ten
reflective markers were placed on the anatomical bony land-
marks for segment definition: sternum jugular notch (SJN),
7th cervical vertebra (CV7), midpoint between the inferior
angles of most Caudal points of the two scapula (MAI),
1st thoracic vertebra (TV1), left/right lateral epicondyle
of humerus (LHLE/RHLE), left/right medial epicondyle of
humerus (LMLE/RMLE) and left/right acromion (LAC/RAC)
(Fig. 1(b)). Carbon fiber plates with three reflective markers
were manually aligned with IMUs mounted on the arms and
thorax. These triple marker sets were used for OMC segment
tracking. Five IMUs (MTw, Xsens Technologies, Netherlands)
were strapped to left/right forearms, left/right upper arms,
plevis and thorax of the subject, respectively. Specifically,
to minimize the impact of soft tissue and mitigate occlusion
of optical marker points, the upper arm IMUs were positioned
on the lateral side near the elbow, without affecting elbow
flexion. Forearm IMUs were positioned on the dorsal side
near the back of the hand. The thorax IMU was positioned
slightly below the MAI with a strap covering its top (not
shown in Fig. 1(b)). The pelvis IMU was positioned at the
midpoint between the left and right Ilium Posterior Superior
(LIPS and RIPS) on the back of the pelvis to ensure a
stable determination of the subject’s facing direction during
calibration. Since joint rotation/quaternion is estimated from
the segment CS after calibration, there were no specific
orientation requirements for IMU placement, as long as they
were securely attached to their respective segments. A thirteen-
camera stereophotogrammetric system (Vicon, Oxford, UK)
and Visual3D (C Motion, MD, USA) were used for track-
ing segment movements and calculating reference shoulder
rotation. The IMUs and Vicon system were electronically
synchronized through a cable, and both systems collected the
data at 100Hz. The experiment was conducted in a laboratory
environment without ferromagnetic disturbances, and potential
sources of such disturbances, such as badminton rackets and
golf clubs, were checked to ensure they were sufficiently
distant from the IMUs to avoid significant interference during
the experiment.

B. Experimental Procedure
Once the markers and IMUs had been worn properly,

subjects were instructed to perform elbow flexion/extension
with palm facing inward (medial) for functional calibration
of upper arm medial-lateral axis. Following a 5-second static
neutral pose (N-pose) at the beginning of each trial, subjects
performed five 2-minute trials of sports activities, including
yoga, golf, swimming, dance, and badminton. In yoga, subjects
were asked to imitate the selected yoga movements including
Dragon Pose, Phantom Chair Pose, Warrior II Pose, and
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Warrior I Pose. Each pose was held for at least 8 seconds
and was performed twice. In golf, subjects were taught to
use a real golf club to simulate golf swing in three level
of amplitudes and intensity, including the drives, iron shots
and putts. In swimming, subjects were asked to perform their
familiar swimming styles using upper limb while standing.
All participants performed the breaststroke and some also
performed freestyle. In dance, participants were instructed to
perform fitness dance movements, including certain Zumba
actions such as side jumps with arm swings and hip rotations.
In badminton, subjects were asked to perform familiar actions
using a badminton racket, including smashes and drop shots.

C. Inertial and Optical Motion Capture Data Processing
Since the proposed model is not dependent on a specific side

of the body, we applied the model to estimate right shoulder
rotation for validation and discussion.

Following the CAST procedure [29], OMC-estimated ref-
erence segment CSs are determined through two steps: 1)
calibrating the assumed constant transformation, T∀−r qS∀−r

,
between the marker cluster local CS (referred to as the
technical frame in CAST) and the segment’s anatomical
frame during the N-pose, and 2) tracking the movement of
the marker cluster local CS, OGC Sqt

T∀−r
, (see (14)). Finally,

the reference shoulder rotation is calculated as the relative
orientation between the reference thorax CS and the reference
upper arm CS. Both IMC- and OMC-estimated sensor-to-
segment alignment is calibrated by combining static and
functional calibration methods. Specifically, the axes of the
OMC anatomical frames are defined using markers placed on
anatomical landmarks [21], [39], except for the medial-lateral
axis of the upper arm. This axis is defined as the elbow flexion
axis during elbow flexion-extension [40]. The segment CSs
for IMC are calibrated according to Table.II, following the
prior research [13], [23]. The IMU orientation is obtained
using a complementary filter [41], chosen for its low compu-
tational cost and relatively good accuracy performance. The
marker cluster local CS are used for tracking segments in
OMC and calculating reference IMU local CS by introducing
an alignment transformation (see (15)). The transformation
quaternion for each IMU local CS can be obtained from
methods introduced in [33] and [34].

OGC Sqt
S∀−r

=
OGC Sqt

T∀−r
⊗
T∀−r qS∀−r

(14)
OGC Sqt

I∀−r
=

OGC Sqt
T∀−r

⊗
T∀−r qI∀−r

(15)

D. “Effect Jacobian” of Error Factors on Shoulder
Rotation Error

The experimental data was analyzed using the proposed
“effect Jacobian” to assess the impact of key error factors
on the estimation error of shoulder joint rotation. Considering
the tendency of the subjects’ upper arms to incline during the
N-pose and their potential for significant upper arm sensor-
to-segment alignment error with a vertical assumption, the
incline angle in the IMC calibration model (Table.II) was set
to θincline = 5◦ for subsequent analysis and discussion.

TABLE II
ANATOMICAL SEGMENT CS DEFINITION FOR INERTIAL

MOTION CAPTURE SYSTEM (RIGHT ARM)

The mean magnitude of shoulder rotation errors were
8.13 ± 3.50◦, 8.26 ± 3.24◦, 9.03 ± 3.63◦, 7.78 ± 3.07◦, and
7.26±2.99◦ for yoga, golf, swimming, dance, and badminton,
respectively (Fig. 4). The shoulder angle estimation error
results can be equivalently represented as ‘ZXY’ Euler angle
root mean square errors (RMSE), with average values of
6.4 ± 3.5◦, 2.8 ± 1.1◦, and 3.8 ± 1.5◦ for extension/flexion,
external/internal rotation, and adduction/abduction angles,
respectively, across all trials. In addition, the mean magnitude
of sensor-to-segment alignment errors (Factor A and B) was
significantly larger (from 4.15◦ to 5.19◦) than the orientation
estimation errors (Factor C and D)(from 1.29◦ to 2.86◦)
(p<0.05). Among the components of the thorax sensor-to-
segment alignment error (Factor A), the mean X component
(ad/abduction) exhibited the smallest absolute value, ranging
from −0.63◦ to −0.46◦, while the other two components
did not show significant differences. In contrast, among the
components of the upper arm sensor-to-segment alignment
error (Factor B), the mean Z component (extension/flexion)
showed the largest absolute value, with a negative value
ranging from −2.55◦ to −1.79◦.

It is shown that the Z components of all error fac-
tors demonstrated larger absolute Jacobian values (from
0.29 to 0.45, from −0.62 to −0.53, from 0.12 to 0.36 and from
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Fig. 4. The mean “effect Jacobian” values of Factor A,B,C, and D (left column) and the mean value of the error components and magnitude
(right column) for five activities of all subjects’ data when the upper arm incline angle θincline = 5◦(CalibU

δz = −2.32). The “effect Jacobian”
measures the impact of a 1-unit change in the error factor component on the magnitude of the shoulder joint rotation error. The rows correspond
to specific activities, namely yoga (a, b), golf (c, d), swimming (e, f), dance (g, h), and badminton (i, j). Factor A, B, C, and D represent key error
factors related to the thorax and upper arm, specifically the thorax and upper arm sensor-to-segment alignment error, and the thorax and upper
arm IMU orientation estimation error. The XYZ components of the error can be interpreted as the abduction/adduction (+/−), internal/external
rotation (+/−), and extension/flexion (+/−) in the sensor-to-segment alignment error. In the case of IMU orientation estimation error, the XYZ
components correspond to the rotation around the XYZ axis in the OGCS (Z pointing vertically upward), respectively.
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Fig. 5. Relationship between the Z component of upper arm sensor-to-
segment alignment error and the “effect Jacobian” value (a) or mean
shoulder rotation error magnitude (deg) (b) during a badminton trial
conducted on one representative subject. The Z component of upper
arm sensor-to-segment alignment error is manipulated by adjusting the
assumed upper arm incline angle θincline from 0◦ to 15◦(interior X axis
value, specified in Table.II), corresponding to the superior X axis value
changes from −7.3 to 7.7. Positive(+) and negative(−) alignment error
values correspond to upper arm extension and flexion, respectively.
The black cross indicates the numerical calculated Jacobian value at
a specific point, obtained through differential calculation of shoulder
rotation error with a step size of 0.1 degrees.

−0.36 to −0.12 for factor A, B, C, and D, respectively) com-
pared to the other components (p<0.05) (Fig. 4). Specifically,
the Z component of upper arm alignment error had a negative
Jacobian value, consistent with its mean value. Notably, the
thorax and upper arm orientation estimation errors (Factor C
and D) exhibited opposite effects (Jacobian values) on the
shoulder rotation error, which aligned with the derivations
in (11) and (12).

The Jacobian coefficients, which were influenced by the
reference shoulder rotation and upper arm orientation, exhib-
ited variations among different activities. Specifically, there
was no significant difference between golf and badminton
activities (p > 0.05). However, a significant difference in the
Jacobian values of the upper arm sensor-to-segment alignment
error (factor B) Y component was observed between yoga
and these two activities. In addition, the swimming activity
showed a larger mean value (0.1±0.13) in the Jacobian value
of the X component of thorax sensor-to-segment alignment
error compared to badminton and dance activities, indicating
statistical significance.

Given the significant impact of the Z component of
the upper arm alignment error on the magnitude of the
shoulder rotation error, it was chosen as the independent
variable for further investigation of the Jacobian value and
overall error magnitude variation (Fig. 5). The numerically

TABLE III
MAXIMAL DIFFERENCE (DEG) BETWEEN LINEAR APPROXIMATED

AND ANALYTICAL JOINT ROTATION ERRORS FOR FIVE

SPORTS TRIALS - REPRESENTATIVE SUBJECT

calculated Jacobian value, obtained by calculating the dif-
ferential 1∥J Aδφt

∥/1CalibU δz , was expected to align with
the curve reflecting the effect Jacobian values of upper arm
sensor-to-segment misalignment. The effects of the error factor
components on shoulder rotation error, as represented by effect
Jacobian values, changed accordingly as the Z component
of the upper arm alignment error varied from −7.3 to +7.7
(Fig. 5(a)). The upper arm alignment error was controlled by
the upper arm incline angle, with the Z components of the
alignment errors demonstrating the most significant change
in the Jacobian values. Specifically, for the Z component of
the upper arm sensor-to-segment alignment error, its effect
became negligible (Jacobian value equals 0) when its error
value reached 4.6. However, it continued to negatively impact
the magnitude of the shoulder rotation error (Jacobian value
equals −0.62) when the error value was 0. Additionally, the
mean shoulder rotation error magnitude reached its lowest
value of 5.4◦ when the upper arm alignment error was not at
its smallest magnitude (Z component equals to 4.6) (Fig. 5).

E. Accuracy of Shoulder Rotation Error
Linear Approximation

The proposed linear error approximation model demon-
strates a high level of agreement with the analytically
calculated shoulder rotation error across all five activities,
validating its accuracy. The maximal differences between the
linear approximation and analytical results are summarized
in Table III. Specifically, the maximum differences in the X
(ad/abduction), Y (in/external rotation), Z (extension/flexion)
components, and error magnitude are measured as 0.33◦,
0.27◦, 0.17◦, and 0.06◦, respectively.

IV. DISCUSSION

This paper presents a novel linear approximation model to
analyze the effect of two key error factors, namely sensor-to-
segment alignment error and IMU orientation estimation error,
on shoulder joint angle estimation. The model decouples and
quantifies the effects of the two error factors on the magnitude
of shoulder rotation errors, providing valuable insights for
improving estimation accuracy. The results demonstrated that
the proposed model was able to identify significant error
components and determines adjustment strategies for post-hoc
estimation accuracy improvement.
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A. Shoulder Joint Estimation Accuracy
In this study, higher shoulder joint estimation accuracy was

achieved compared to the previous studies involving shoulder
angle estimation during movements with multiple degrees
of freedom. For example, Truppa et al. [30] estimate upper
limb kinematics during yoga and reported shoulder angle
RMSE values of 3.2 ± 1.0◦, 6.9 ± 4.0◦, and 3.9 ± 2.4◦

for extension/flexion, external/internal rotation, and adduc-
tion/abduction angles, respectively. Slade et al. [15] developed
an IMC system for capturing full-body movements using an
optimization algorithm. In their study on simulating knife
cutting, the reported shoulder angle RMSEs were 6.9 ± 4.2◦,
5.2 ± 0.8◦, and 7.9 ± 2.6◦. The observed improvement in
accuracy in our study substantiates the effectiveness of intro-
ducing the incline angle in the calibration of the upper arm’s
longitudinal axis (Table. II). In addition, the Jacobian values
demonstrate the potential for further enhancing shoulder angle
estimation accuracy by increasing the incline angle. This is
attributed to the significant negative effects of the Z component
of the upper arm sensor-to-segment alignment error, which
also exhibits a negative mean value, on the magnitude of
the shoulder rotation error (Fig. 4). Increasing the incline
angle leads to an increase in this Z component’s value while
reducing its magnitude, ultimately resulting in a decrease in
the overall rotation error magnitude. The shoulder rotation
error magnitude reaches its lowest point at an incline angle
of 11.9◦ for this representative trial (Fig. 5(b)).

B. Effects of Error Factors on Shoulder Rotation
Estimation Accuracy

By taking the partial derivative of the shoulder rotation
error with respect to the error factor components, Jacobian
values are derived to quantify the effects of sensor-to-segment
misalignment and sensor orientation error. This approach
differs from previous studies [18], [19], [42], which typi-
cally analyzed the effects of error factors by comparing the
overall joint angle errors under limited predefined conditions,
providing only a general understanding for other specific con-
ditions. In contrast, the Jacobian values analytically indicate
the change in joint rotation error magnitude resulting from a
1-unit improvement in any error factor component, specific to
any experimental setup.

The analysis of Jacobian values revealed that improving
the accuracy in the extension/flexion dimension of sensor-
to-segment alignment error and IMU horizontal heading
estimation (rotate around OGC S Z axis, pointing vertically
upward) had the most significant impact on enhancing shoul-
der angle estimation. Specifically, the Z component of the
upper arm sensor-to-segment alignment error exhibited the
largest absolute mean Jacobian value, approximately −0.5.
From an experimental standpoint, these results suggest that
making adjustments to the calibration assumption regard-
ing the longitudinal axis inclination (θincline) or instructing
subjects to maintain a more upright posture for both the
thorax and upper arm, thereby improving sensor-to-segment
alignment error in the extension/flexion dimension, could
yield the most significant enhancements in shoulder joint

angle estimation accuracy within the context of our current
experimental setup and sports activities. Furthermore, avoiding
ferromagnetic disturbances or utilizing orientation algorithms
with improved IMU heading estimation capabilities can also
effectively enhance the shoulder angle estimation accuracy.
The significant effects of error factor Z components may be
attributed to the relatively large Z component of the shoulder
rotation error itself, leading to a large Z coefficient in the
diagonal matrix from (12). However, despite sharing the same
coefficient with alignment error for each component, the
impact of orientation estimation error is mitigated by the upper
arm orientation-related coefficient K (Fig. 4). Additionally,
the opposite impact of thorax and upper arm orientation
estimation errors, as indicated by the Jacobian values and (13),
suggests the possibility of partial error cancellation. This arises
from the fact that the joint rotation/angles are calculated based
on the relative orientation of the proximal and distal segments,
and introducing the same orientation offset to both the prox-
imal and distal segment tracking IMUs does not affect their
relative orientation. However, the Jacobian value still captures
the significance of the orientation estimation error component,
considering that the errors of the two IMUs may not be exactly
the same. Overall, the effectiveness of improving each error
factor component is quantified by the Jacobian values, and
our experiment demonstrates that enhancing thorax and upper
arm calibration through the inclusion of extension/flexion in
the calibration assumption or instructing subjects to perform
a more upright posture is the most effective strategy for
improving estimation accuracy.

Significant variations in error impact were observed across
different activities, suggesting that the optimal strategy for
accuracy improvement may differ depending on the specific
joint range of motion required for each application. Minimal
differences in error impact were observed between badminton
and golf, while yoga and swimming exhibited substantial
variations. These discrepancies can be attributed to the dis-
tinct joint pose distributions associated with each activity.
In badminton and golf, the shoulder encompasses a wide
range of motion, whereas breaststroke swimming primarily
involves movements in the anterior region of the body, and
yoga typically involves a limited set of poses. These findings
underscore the importance of considering the activity-specific
joint pose distribution when determining the most effective
approach for enhancing estimation accuracy.

The Jacobian values can vary as the error factors improve.
However, achieving the minimum shoulder rotation error is
unlikely when the error factors are reduced to zero. This
highlights the importance of analyzing the Jacobian values
of the error factors. It can be observed that even when
there is no error in the extension/flexion dimension of the
upper arm sensor-to-segment misalignment, this component
still has a negative effect on the shoulder rotation error magni-
tude (Fig. 5(a)). This finding suggests that further increasing
the extension/flexion dimension of the upper arm sensor-to-
segment alignment error could potentially lead to a reduction
in the shoulder rotation error for this representative trial.
Consequently, the optimal shoulder angle estimation accuracy
is achieved when the upper arm sensor-to-segment alignment
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error in the extension/flexion dimension is +4.6 (correspond-
ing to an incline angle of 11.9◦) (Fig. 5(b)). This phenomenon
of over-correction is likely due to the potential cancellation
of errors. Since the overall shoulder rotation error vector is
composed of four error factor-related vectors (Fig. 3), it is
natural that these error vectors can cancel each other out under
specific joint poses. Therefore, over-correction has the poten-
tial to further decrease the shoulder rotation error magnitude,
although its extent is dependent on the specific activity and
requires analysis based on the Jacobian values.

C. Limitations
There remain several limitations to this study. First, our

study did not account for soft tissue artifacts (STA) errors
during the joint rotation estimation and error analytical model.
STA is often excluded from motion capture algorithms, espe-
cially for IMC systems, due to the difficulty in obtaining
the underlying bone orientation. However, incorporating STA
errors into the error analytical model could enhance its appli-
cability to motion capture systems that find it necessary to
account for STA errors. Second, the effectiveness of each error
component in reducing joint rotation error (Jacobian value)
is specific to the current joint rotation estimation algorithm
and data. Jacobian values may change when modifications are
made to the algorithm, such as IMU orientation estimation,
calibration assumptions, or the calibration protocol. To achieve
a high level of accuracy, the proposed error decoupling model
may need to be iteratively applied after accuracy improvement
efforts until satisfactory results are obtained. Third, the method
was validated on healthy subjects, and its potential application
in shoulder capture rehabilitation systems for patients with
conditions like stroke or Parkinson’s disease has not been
explored.

D. Future Work
In the future, research efforts should prioritize several key

aspects. First, there is a need for further investigation into a
robust method for quantifying STA errors and integrating these
errors into the analytical error decoupling model. This will
enable an analytical evaluation of its impact on joint rotation
error. Such integration can make the analytical error decou-
pling model more comprehensive and applicable to various
types of motion capture systems, thereby enhancing joint angle
estimation accuracy across diverse applications. Second, the
proposed linear approximation model and analytical error fac-
tor impact analysis were specifically implemented for shoulder
angle estimation. Although the error definition and derivation
presented in this paper are not joint-specific, the extension
of the method to other joints would enhance its applicability
and could serve as a foundation for analyzing joint moment
error factors in the lower body. Third, as one of the major
benefits of improving IMU-based motion capture accuracy is
the enhancement of rehabilitation systems and the potential
for home-based rehabilitation, future research efforts should
concentrate on validating and guiding accuracy improvements
in rehabilitation applications on patients. Such endeavors could
have significant societal benefits by advancing the field of

rehabilitation and making it more accessible to a wider range
of individuals.

V. CONCLUSION

In this paper, we present a novel linear approximation
model to decouple and analytically evaluate the effects of
two key errors, namely sensor-to-segment misalignment and
IMU orientation estimation error, on the IMC estimated shoul-
der angle estimation error. Our model successfully provide
quantified insights (effect Jacobian) into the significance of
each error factor component, demonstrating the consequential
change in shoulder rotation error under a 1-unit improve-
ment in the corresponding error factor. The validation of
our linear approximation model on the experimental data
comprising twenty-five subjects engaged in five different
sports activities has shown satisfactory accuracy. The analysis
of Jacobian values has revealed the substantial impact of
improving the extension/flexion dimension of thorax and upper
arm sensor-to-segment alignment, as well as the effectiveness
of enhancing yaw estimation (rotation around the vertical
axis) for improving shoulder angle estimation accuracy. This
research holds the potential to guide the accuracy improve-
ment of joint angle estimation in rehabilitation and sport
performance evaluation, as this post-hoc analysis offers the
opportunity to develop subject- or movement-specific models
with high accuracy based on their experiment result. Addition-
ally, our proposed linear approximation model of joint angle
estimation error bridges the gap between error factors and joint
rotation error through explicit linear composition.
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