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Upper-Limb Pose Estimation from Sparse
Body-Worn Visual-Inertial Sensors
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Abstract—Estimating the upper-body pose is essential for a
wide range of applications, from rehabilitation therapy to indus-
trial injury prevention. Current solutions face several limitations,
such as heavy setup requirements, and often suffer from occlusion
and drift issues. We propose a novel, sparse sensor fusion frame-
work that estimates upper-limb kinematics using two shoulder-
mounted inertial measurement units (IMUs) and a chest-mounted
camera with an integrated IMU, without visual markers. The
proposed pipeline integrates an orientation estimation module
with a quadratic programming inverse kinematics (QPIK) solver.
This formulation enables the system to enforce biomechanical
constraints and utilize low-frequency visual input to correct
inertial drift and recover joint positions that are unobservable
by sparse IMUs alone. We evaluate the framework on the Total
Capture dataset, where egocentric targets are simulated from
motion-capture Kkeypoints masked by a virtual chest-camera
field of view, allowing the fusion layer to be assessed under
controlled visual rate and accuracy. In this setting, our method
achieves lower tracking error than adapted EKF-based visual-
inertial baselines while using fewer wearable sensors. Compared
with an IMU-only data-driven method, the proposed fusion
pipeline achieves lower error with sufficiently frequent and
accurate visual updates, demonstrating the benefit of exploiting
intermittent egocentric constraints. The code is publicly available
at https://github.com/PARCO-LAB/COMETH.

Index Terms—Accelerometers, Biomechanics, Kalman filters,
Motion capture, Motion analysis, Multimodal sensors, Multisen-
sor systems, Sensor fusion.

I. INTRODUCTION

Human pose estimation (HPE) aims at estimating the po-
sitions and configurations of human body limbs. This task
presents several variations depending on the application con-
text and the available sensing modalities. In particular, upper-
body pose estimation enables a wide range of motion analysis
applications, including rehabilitation support and injury pre-
vention, especially in industrial environments [[1].

State-of-the-art approaches [2[], [3], [4] have achieved re-
markable accuracy. However, each sensing technology ex-
hibits intrinsic limitations. Fixed camera-based systems, al-
though widely adopted, are prone to occlusions and self-
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occlusions and constrain the subject to a predefined capture
volume [5]]. Wearable egocentric cameras, commonly used in
Ego-HPE systems, alleviate these constraints but introduce
new challenges, such as severe self-occlusions and perspective
distortions caused by wide-angle lenses used to maximize
the field of view [6]. Inertial measurement unit (IMU)-based
systems represent an alternative solution that is portable and
inherently occlusion-free [7]. Zhang et al. [8] propose DynalP,
a deep learning framework that exploits spatial correlations by
dividing the human body into local regions and incorporating
pseudo-velocity regression. Zhu et al. [9] propose ProglP to
reconstruct full-body motion using IMUs mounted on the head
and wrists, inferring leg motion from learned kinematic corre-
lations. Deep Inertial Poser (DIP) [10] reconstructs full-body
pose in real time from six body-worn IMUs using a recurrent
neural network. The model is trained primarily on synthetic
inertial data generated from motion-capture sequences and
exploits temporal context through a sliding-window inference
scheme. However, approaches based solely on IMUs suffer
from integration drift, which is difficult to compensate for
using magnetometers due to environmental magnetic distur-
bances. Von Marcard et al. [11] address this issue by per-
forming global offline optimization over the entire motion
sequence, at the cost of preventing real-time deployment. Li
et al. [12] propose a system based on a chest-mounted camera
and IMUs placed on the sternum, upper arm, and forearm,
using ArUco markers for visual tracking. Their estimation
framework relies on an extended Kalman filter (EKF) and
a modified Denavit—Hartenberg (DH) representation for the
upper body [13].

In this work, we propose a novel sparse sensor fusion
framework for upper-body pose estimation that achieves accu-
rate tracking using two shoulder-mounted IMUs and a chest-
mounted camera with an integrated IMU. The novelty is not
the use of complementary filtering or inverse kinematics in
isolation, but their coupling through a QPIK fusion layer that
activates inertial and visual tasks at their native rates. High-
rate IMU updates constrain the model through gravity-vector
residuals, whereas intermittent egocentric keypoints re-anchor
the kinematic chain and recover elbow/wrist positions that are
not observable from shoulder IMUs alone. QPIK also returns
virtual IMU attitudes, which reset the filter baseline after each
constrained update.

The contributions of this work are twofold. First, we intro-
duce a markerless upper-limb visual-inertial pipeline compat-
ible with a minimal wearable setup and integration in upper-
limb exoskeletons. Second, we compare the proposed method
on the Total Capture dataset [14] against two adapted EKF
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Fig. 1: Overview of the proposed multimodal sensor fusion pipeline. IMU readings are converted into gravity-vector targets,
while the egocentric HPE module provides sparse 3D keypoints when they are visible. The quadratic programming inverse
kinematics (QPIK) solver jointly enforces inertial, visual, and biomechanical constraints and returns joint angles and virtual
IMU orientations. The latter are fed back to the orientation estimation module to reset the next prediction baseline.

baselines and DIP retrained for the same three-IMU layout.
While DIP performs best in the IMU-only condition, our
formulation achieves lower MPJPE with sufficiently frequent
and accurate egocentric updates.

II. METHOD

The proposed algorithm fuses orientation data from a sparse
set of IMUs with positional data from a body-mounted egocen-
tric camera. The algorithm outputs the joint angles of the full
upper-body kinematic chain. Figure [1| shows an overview of
the proposed pipeline, whose individual blocks are described
in detail in the following sections.

A. Orientation Estimation

We use a complementary filter [15] to estimate IMU gravity
components by fusing gyroscope and accelerometer data. An
IMU integrates an accelerometer, which provides a reliable
estimate of the gravity direction but is sensitive to external
vibrations, and a gyroscope, which measures angular velocity.
We use this filter to provide gravity vector targets to QPIK.
We compute the yaw 1), pitch 6., and roll ¢ through
integration of gyroscope readings, using the Euler angle rate
transformation. We also calculate ¢, and 6, as the projections
of the accelerometer measurement a:

¢, = atan2(ay,a;) 04 = atan2(—a,, (/a2 +a2) (1)

The ¢, 0, and 1) angles are obtained with:

dp=apo+(1—-—a)p,, 0=ab+(1—-a)f, ¢=1g

(2)
where « is the weighting coefficient. We adapt o« using
eq = ||lall = 1|: @« =1 for e, > ay, rejecting accelerometer

corrections; o = 0 for e, < ay, resetting roll and pitch from
gravity; and a = 0.95 otherwise. Yaw remains gyroscope-
integrated.

Once the orientation is estimated, for each IMU we calculate
the expected accelerometer readings:

—sinf
giMu; = g | cosfsin ¢ 3)
cos 6 cos ¢

where ¢ is the gravity magnitude. The IMU gravity compo-
nents are then fed into the solver.

B. Egocentric Pose Estimation

We define the positional target 27 € RY*3 as the collection
of 3D keypoints belonging to the camera wearer, where each
row [z; y; 2] represents the 3D position in the camera
frame of a specific virtual marker ¢ € [1, N]. Depending on the
vision sensor modality, the Ego-HPE node employs different
strategies to estimate joint positions. When using an RGB-D
camera, the node first extracts 2D keypoints from the RGB
image and then projects them into 3D space using the pinhole
camera model. With a fisheye RGB camera, the node directly
infers 3D keypoints from the image data. Regardless of the
method, the output is a set of 3D keypoints zp[k] for each
time frame k.

Due to the body-worn camera’s specific placement and field
of view, certain joints (such as the shoulders) are permanently
outside the frame. Others, such as elbows and wrists, are
only intermittently visible, depending on the subject’s motion.
Consequently, the target position matrix xr[k] is inherently
sparse.

C. Quadratic Programming Inverse Kinematics Solver

In biomechanics, kinematic models represent the human
body as a series of rigid links, constraining joint positions
to fixed distances to accurately simulate skeletal structure and
dynamics [[16]. Resolving the configuration of these articulated
systems relies on inverse kinematics, which maps a desired
3D target position back to joint-space angular positions [13]].
While redundant systems often employ gradient-based opti-
mization, QPIK addresses the problem via quadratic program-
ming, a subset of convex optimization in which a quadratic
function is minimized under linear constraints [17]. QPIK is
essential for applications requiring the simultaneous satisfac-
tion of task objectives and strict constraints, such as joint
limits, stability margins, and self-collision avoidance [18].

The core of the proposed methodology lies in the QPIK
formulation. At each time step k, given the IMUs’ gravity vec-
tors gr[k] and sparse 3D target positions xr[k] (if available),
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the algorithm computes the optimal joint angular displacement
Agq = qlk] — ¢q[k — 1]. The optimization problem is formulated
as:

argmin wg|| Aql[3 +wg||0,[[3 + wa]84]13 )

q,02,0g
x[k] + g—‘;[k]Aq = zrplk] + 0y
glk] + 52[k] Aq = gr[k] + &,

)
qlk — 1] —qr < Agq < qu — q[k — 1]
gr < qlk— 1]+ G < v
where ¢ € R* represents the joint angles, .J, = g—”{; and

Jg = 99 are the analytic Jacobians associated with the position

Oq
and gravity tasks, respectively, and 6, € R3V §, ¢ R3IMUs|

are slack variables allowing for relaxation of the task con-
straints. Equation (3) details the constraints required to en-
sure a realistic human configuration. The equality constraints
enforce the differential kinematics: the current model state
(position x and gravity g), when updated by the Jacobian-
mapped displacement Ag, must match the targets (zr,gr)
within a minimal error margin defined by the slack variables.
The inequality constraints enforce anatomical feasibility. First,
the joint positions are bounded by the range of motion (ROM)
limits g7, qu € R*?, derived from normative biomechanical
data [[19]]. Second, velocity constraints are imposed to ensure
dynamic feasibility and to adhere to normative velocity ranges,
as described in [20]. The three scalar weighting coefficients
Wy, Wg, W, normalize the different physical units and magni-
tudes inherent to the problem variables, ensuring numerical
stability.

At initialization and after a QPIK update supported by a
valid positional observation, we overwrite the complementary-
filter state ® = [¢,0,7] with the Euler angles extracted
from the corresponding virtual-IMU orientations produced
by the biomechanically constrained model. The subsequent
gyroscope prediction is therefore integrated from this corrected
orientation. This model-based feedback also corrects the yaw
component, which cannot be observed from gravity alone,
without explicitly estimating or injecting a separate drift term.

III. EXPERIMENTS
A. Experimental Setup

a) Dataset: We evaluate the proposed method on the
Total Capture dataset [14], a widely used benchmark for
multimodal human motion analysis. It provides synchronized
60 Hz body IMUs and marker-based motion capture for five
subjects performing complex activities. The 3D positions
extracted from both the compared methods and our approach
are evaluated using mean per joint position error (MPJPE).
Since TotalCapture does not include a real chest-mounted
camera stream, we simulated the egocentric visual input
by retaining only the motion-capture keypoints that would
fall inside a virtual chest-mounted camera (HFOV= 102°,
VEFOV= 57°), tilted 75° from the thorax’s surface normal. To
test sensitivity to Ego-HPE uncertainty, we perturbed visible
3D targets with Gaussian noise A (u, 02) with u = 0 and
o € {0.00,0.02,0.05}m.

Recent egocentric datasets, such as Ego-Exo4D [21] and
Nymeria [22]], provide richer real-world egocentric recordings,
but they use viewpoints different from those of the proposed
chest-mounted upper-limb setup. They are therefore promising
for future validation, but require extrinsic remapping, upper-
limb visibility filtering, and retraining or reannotation before
enabling a direct comparison.

b) Compared Methods: Due to the lack of directly com-
parable methods in the literature for our specific sparse sensing
configuration, we benchmarked our approach against the most
closely related existing solution, derived from the work of Li
et al. [12]. Their solution uses five IMUs and a chest-mounted
camera with an 8-DoF upper-limb model. We extended it with
two independent arm chains. The implementation described
in [12], hereafter referred to as Li2022, adopts a uniformly
accelerated motion model as the state transition model. To
linearize the Jacobians of accelerometers and gyroscopes dur-
ing the Kalman filter update phase, we computed numerical
Jacobians. We also consider a second method, denoted EKF
(ZeroVel), similar to Li2022 except that it uses an identity
matrix as the state transition model. Both EKF baselines
use shoulder and forearm IMUs plus thorax and wrist pose
observations. We calibrated the models through grid search on
a subset of the TotalCapture sequences. In addition to the two
fusion pipelines, we implemented DIP [10] as a data-driven
comparison method. We followed the AMASS split as in [10],
and changed only the neural network input from six sensor
blocks to three. At inference time, real IMU orientations were
estimated with a magnetometer-free Madgwick filter [23].

c) Implementation details: For the accelerometer and
gyroscope readings, we selected only the IMUs attached to
the shoulders and the chest from the TotalCapture dataset. In
the correction step of the orientation estimator (Equation [2)),
we set o = 0.95, ay = 0.2, and ar = 1073, In the QPIK
formulation (Equation (@), we set the three scalar weighting
coefficients w, = 10,w, = 10*,w, = 103, assigning the
highest magnitude to w, to ensure the solver prioritizes precise
visual constraints over inertial data whenever available.

Parameters were selected via grid search over calibration
sequences and then held fixed across subjects, actions, visual
rates, and noise levels. The QPIK Jacobians are obtained from
Nimble Physics [24]] at the current linearization point and the
QP is solved through CVXPY [25] using OSQP [26], warm-
started from the previous solution. On an NVIDIA Jetson Orin
Nano Super, the QPIK step averaged 9.74 ms per IMU-only
update and 31.84 ms when visual updates were active.

B. Experimental Results

Tablecompares the MPJPE of the two EKF baselines, DIP,
and our method. Without egocentric updates, DIP achieves the
lowest average error (193.8 mm), compared with 302.5 mm
for our IMU-only configuration, 412.8 mm for EKF (ZeroVel),
and 462.1 mm for Li2022. This result highlights the benefit of
DIP’s learned motion prior when pose estimation relies solely
on sparse inertial measurements. With noise-free positional
targets, our method surpasses DIP already at 1 Hz, reducing
the average MPJPE from 193.8 mm to 163.8 mm. The error
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TABLE I: Comparison on the Total Capture dataset [14] (MPJPE in mm); simulating positional targets at different rates and
perturbations. Starred DIP values (*) were obtained without visual input and are repeated for reference.

Positional Target Noise | o = 0.00m | o =0.02m | o =0.05m
Action  Method OHz | 1Hz 6Hz 12Hz 30Hz | 1Hz 6Hz 12Hz 30Hz | 1Hz 6Hz 12Hz 30 Hz
Li2022 [12] 4540 | 398.5 3705 3594 3262 | 407.1  399.0 3756 3545 | 4433 4266 4177 4077
Actin EKF (ZeroVel) 453.7 | 2885 2185 219.0  217.0 | 3207 2887 2907 2786 | 367.1  373.6 3654 3625
£ pIp (10 188.8 | 188.8" 188.8" 188.8° 188.8" | 188.8° 188.8" 188.8" 188.8" | 188.8" 188.8" 188.8" 188.8"
Ours 3299 | 1734 1213 1100 1029 | 1875 1403 1308 1264 | 2107 1843  179.6 181.4
Li2022 [12] 4563 | 4319 4299 414.6 3884 | 4419 4335 4195 4043 | 4533 4538 4441 4323
ROM EKF (ZeroVel) 296.5 | 3114  293.7 268.1 2809 | 3373 3262 3148 3197 | 3868 3986  377.1  408.0
DIP [10] 218.0 | 218.0° 218.0" 218.0° 218.0" | 218.0" 218.0° 218.0° 218.0" | 218.0"° 218.0° 218.0° 218.0"
Ours 2626 | 147.3 1137 1100 1008 | 1532 1350 1343  130.8 | 2044 1844 1903  197.3
Li2022 [12] 4759 | 428.1  406.5 3928 3602 | 4394 4163  408.8 383.0 | 4560 4474 4382 4226
Walkine  EKF (ZeroVel) 4882 | 3135 2514 2485 2445 | 349.1 3156 2975 2923 | 3879 3745 3712 3641
€ piIp [10] 1747 | 1747 1747°  1747°  1747° | 1747°  1747°  1747°  1747° | 1747°  1747°  1747° 1747
Ours 315.1 | 170.7 98.7 89.1 76.6 | 1803 1145  106.8 96.4 | 208.1 1558 152.6 1514
Li2022 [12] 462.1 | 419.5 4023 3889 3583 | 4295 4163 4013  380.6 | 4509 4426 4333 4209
Average EKF (ZeroVe) 4128 | 304.5 2545 2452 2475 | 3357 3102  301.0 2969 | 380.6 3822 3712 3782
g€ prp [10] 193.8 | 193.8" 193.8" 193.8" 193.8" | 193.8° 193.8" 193.8" 193.8" | 193.8"° 193.8" 193.8" 193.8"
Ours 3025 | 163.8  111.2 103.0 934 1737 1299 1240 1179 | 2077 1748 1742  176.7
< 20 1
| -
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Fig. 2: Qualitative evaluation of right-shoulder flexion over a challenging motion sequence, comparing our method with 12
Hz egocentric updates (purple), its IMU-only configuration (red), and the ground truth (green). The right panel shows the
corresponding 3D poses at the instant marked by the gray dot in the temporal plot. Numbers below the purple curve indicate
the visible simulated keypoints supplied to the fusion algorithm. The visual-inertial estimate remains closer to the ground truth

by limiting the drift observed in the IMU-only trajectory.

then decreases to 111.2, 103.0, and 93.4 mm at 6, 12, and
30 Hz, respectively. The advantage is particularly evident for
dynamic motions: at 30 Hz, our method obtains 76.6 mm for
Walking and 100.8 mm for ROM, compared with 174.7 mm
and 218.0 mm for DIP, respectively. These results show that
even intermittent positional constraints compensate for inertial
drift more effectively than the learned inertial prior alone.
At ¢ = 0.02 m, our method remains below DIP at every
update rate, reducing the average MPJPE from 173.7 mm at
1 Hz to 117.9 mm at 30 Hz. Under the larger perturbation
o = 0.05 m, DIP is better at 1 Hz (193.8 mm versus
207.7 mm), but our method regains the advantage from 6
Hz onward, reaching 176.7 mm at 30 Hz. Thus, even with
highly noisy positional measurements, our fusion method can
outperform the IMU-only configuration when visual updates
are sufficiently frequent.

Figure [2] shows the impact of the sensor fusion on the
right shoulder flexion over a challenging motion sequence
(sl_actingl). The trajectory generated without Ego-HPE
highlights the inherent limitations of sparse inertial tracking,
as the estimate suffers from progressive integration drift. This
unbounded accumulation of error confirms that, in the ab-
sence of distal IMUs or magnetometers, the sparse three-IMU
configuration cannot maintain a reliable heading reference
over prolonged periods. In contrast, the 12 Hz visual-update

condition substantially reduces drift. The QPIK formulation
successfully leverages the sparse, intermittent visual inputs to
anchor the global orientation of the limbs. When a keypoint
is available, the solver enforces the geometric constraint,
“pulling” the drifting inertial estimate back towards the true
pose. As a result, the trajectory stays closer to the ground truth
over the sequence.

IV. CONCLUSION

We presented a sparse visual-inertial framework for upper-
body pose estimation using two shoulder-mounted IMUs and
a chest-mounted camera with an integrated IMU. QPIK fuses
high-rate IMU gravity targets with intermittent egocentric
keypoints, subject to joint and velocity limits. The formulation
is not tied to a dataset or to a specific vision module: other
upper-limb wearable settings can be handled by changing the
sensor extrinsics, visibility mask, and kinematic model, while
additional cameras, hand trackers, or IMUs can be added as
extra QPIK tasks. On Total Capture with simulated egocentric
keypoints, the method reduced MPJPE relative to the adapted
EKEF baselines. DIP performed best in the IMU-only condition,
whereas our method achieved lower error when visual updates
were sufficiently frequent and accurate.

Future work will validate the pipeline on real chest-mounted
egocentric recordings and recent egocentric datasets after the
required viewpoint adaptation.
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