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Fig. 1. Our method VAIC recovers the calibration parameters required for inertial motion capture from a short monocular video and raw IMU measurements.
Without calibration (left), the sensor positions, body mounting orientations 𝑉 𝑅𝑆 , and world alignments𝑊 𝑅𝑅𝐸𝐹 are unknown, and body-pose estimation fails.
VAIC (center) jointly estimates all three quantities from 10 s of arbitrary motion footage and thus enables accurate body-pose estimation (right) without
requiring manual calibration poses, manual placement specification, or magnetometer-based heading.

Inertial motion capture depends on expressing each IMU’s orientations and
accelerations in a shared world frame and knowing how each sensor is
rotated relative to the body segment it is attached to. However, in practice,
this requires careful placement and manual calibration routines (T-pose)
that do not scale to arbitrary sensor sets or in-the-wild use. We present VAIC,
a visual–inertial calibration method that uses a few seconds of monocular
video of arbitrary user motion plus uncalibrated IMU streams to jointly
recover (1) each sensor’s body location (as a vertex on an SMPL mesh), (2) its
sensor-to-body mounting rotation, and (3) the global reference alignment to
the world frame. Our method operates without predefined poses, fixed sensor
configurations, or pre-calibrated hardware. Instead, we treat calibration as
an optimization problem: from video-based SMPL recovery, VAIC searches
for the sensor-to-vertex alignment that best explains the measured IMU
signals given these vertex kinematics. Evaluated on TotalCapture (13 IMUs),
VAIC localizes sensors with 95.9% correct bone assignment and 5.8 cm po-
sitional RMSE (97.9% and 5.1 cm when excluding low-excitation motions),
and achieves up to 15.5◦ end-to-end orientation error, which outperforms all
classical calibration methods such as T-Pose or walking-based calibration.
When sensor positions are known, VAIC improves over T-pose calibration,
reduces body mounting error by 5.3◦, and lowers overall body-orientation
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error. These results suggest a practical path toward plug-and-play inertial
motion capture, providing reliable cold-start calibration that can also initial-
ize or complement downstream continuous tracking systems. The code is
released at: https://siplab.org/projects/vaic
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1 Introduction
Motion capture using sparse body-worn inertial measurement units
(IMUs) promises accessible, everyday motion recording without the
infrastructure of camera-based systems [Hollidt et al. 2025; Huang
et al. 2018; Jiang et al. 2022b; Yi et al. 2022, 2021]. Recent inertial
posers [Jiang et al. 2022b; Van Wouwe et al. 2024; Yi et al. 2025, 2022,
2024] show accurate motion tracking from just six sensors.
However, despite this progress, inertial motion capture remains

largely confined to controlled settings. The fundamental obstacle is
calibration. Before any inertial pose estimator can operate, raw sen-
sor measurements must be transformed into body-part orientations
that are expressed in a shared world frame. This transformation
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involves two quantities that cannot be observed directly: the align-
ment 𝑊 𝑅𝑅𝐸𝐹 between the sensor’s internal reference frame (Fig.
2a) and the world frame, and the orientation offset 𝑆𝑅𝑉 between
the sensor and the body part it is attached to (Fig. 2b) . If these
parameters are inaccurate, even perfect IMU measurements produce
erroneous body poses.
Standard calibration protocols resolve these unknowns through

magnetometer readings and user-performed poses, but both ap-
proaches are fragile in practice. For the reference alignment𝑊 𝑅𝑅𝐸𝐹 ,
most IMU systems attempt to align their internal reference frame
with an East-North-Up (ENU) coordinate system by estimating grav-
ity and magnetic North. While gravity provides a reliable vertical
reference, indoor environments suffer from magnetic anomalies
caused by structural steel and electronic equipment that render
magnetometer-based heading untrustworthy [Harle 2013; Ouyang
and Abed-Meraim 2022]. Existing workarounds include physically
aligning all IMUs on a shared docking station [Zuo et al. 2025] or
performing carefully prescribed calibration motions such as the
calibration walk in commercial Xsens systems [Xsens 2024]. For the
body mounting 𝑆𝑅𝑉 , users hold a known calibration pose such as
a T-pose [Bonfiglio et al. 2025], but even minor execution errors
introduce permanent offsets that propagate through the entire cap-
ture session (Fig. 2c). Commercial systems further require the exact
mounting location of every sensor to be specified a priori, manual
body measurements for skeleton scaling, or dedicated motion cap-
ture suits with fixed sensor placements [rok 2026]. This manual
overhead limits true in-the-wild usability.
In this paper, we propose VAIC, a short and unobtrusive calibra-

tion method in place of T-pose. Our approach leverages an exo-
centric monocular video to provide the absolute spatial reference
that inertial sensing lacks. We build on recent advances in human
mesh recovery that extract accurate 3D body poses from ordinary
video [Wang et al. 2025] to obtain a sequence of SMPL meshes in a
gravity-aligned world frame, including the user’s body shape. From
this prior, we extract the orientation and acceleration of every vertex
on the body surface. Our approach requires no calibration poses,
manual placement specification, or magnetic heading.
We formulate calibration as a global assignment problem over

sensor-vertex pairs. For each of the 𝐾 × 𝑁 pairings, VAIC optimizes
for the mounting orientation 𝑆𝑅𝑉 that best explains the measured
IMU signals given the vertex kinematics. Matching orientations
directly is impossible, as this would require knowing the absolute
reference𝑊 𝑅𝑅𝐸𝐹 . By reformulating the optimization to use relative
rotations, we remove the unknown world-reference transformation
from the problem. We therefore minimize three error terms: an
orientation term 𝐸ori that enforces consistency between relative
rotations, an acceleration term 𝐸acc that provides absolute refer-
ence through gravity, and a normal term 𝐸norm that encodes the
physical constraint that sensors are mounted flush against the skin.
This normal prior is central to our method. By introducing a sur-
face tangent frame 𝑇 aligned with the mesh normal, we reduce
the unknown 𝑆𝑅𝑉 from three rotational degrees of freedom to a
single yaw angle around the surface normal (Fig. 2d). Without this
constraint, rotation-only matching cannot distinguish symmetric
placements such as a sensor on the top versus bottom of the wrist.
Unlike prior work that assumes sensors are mounted on bones of
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Fig. 2. The IMU world alignment 𝑊 𝑅𝑅𝐸𝐹 and the IMU body mounting
𝑉 𝑅𝑆 are unknown. Static T-Pose calibration causes calibration errors and
cannot recover𝑊 𝑅𝑅𝐸𝐹 . VAIC introduces the surface tangent frame𝑇 that
constrains the sensor orientation to pure yaw to improve calibration.

the SMPL skeleton [Armani et al. 2024; Yi et al. 2022, 2021; Zuo
et al. 2025], we model IMUs as attached to mesh vertices, which
captures how surface orientation varies along a limb due to soft
tissue deformation and forearm twist. Given the residual error from
each sensor-vertex pair, we solve the global assignment and recover
the absolute world alignment𝑊 𝑅𝑅𝐸𝐹 for each sensor.

Taken together, VAIC is the first method to jointly and automati-
cally estimate each IMU’s body location, local mounting orientation,
and global reference alignment from raw inertial data and a single
monocular video. Our contributions are:
• A video-aided calibration framework that eliminates the need for
calibration poses, precise sensor placement, and magnetometer-
based heading. VAIC is the first method to jointly localize and
calibrate body-worn IMUs while also recovering SMPL shape
parameters without manual user measurements, enabling plug-
and-play inertial motion capture.
• A surface-normal geometric prior that constrains sensor mount-
ing optimization to a single yaw degree of freedom and resolves
symmetric ambiguities inherent to rotation-only matching.
• Experimental validation showing that VAIC localizes sensors to
the correct body segment with 95.9% accuracy and achieves lower
orientation error than T-pose calibrationwhile remaining immune
to misaligned reference frames due to magnetic interference.

2 Related Work

2.1 Inertial Motion Capture
Motion capture using sparse inertial sensors has become a pivotal
area of research due to its immunity to occlusion and unbounded
capture volume compared to optical systems [Trumble et al. 2017].
Early approaches formulated pose estimation as an optimization
problem. The Sparse Inertial Poser (SIP) [VonMarcard et al. 2017] op-
timized SMPL parameters to fit IMU orientations and accelerations,
utilizing a digitized human mesh to constrain the solution space.
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While accurate, optimization methods are computationally expen-
sive and prone to local minima. The advent of large-scale motion
datasets like AMASS [Mahmood et al. 2019] and DIP-IMU [Huang
et al. 2018] shifted the paradigm toward data-driven learning. Deep
Inertial Poser (DIP) [Huang et al. 2018] introduced a bi-directional
RNN to map sparse inertial signals directly to body pose, achieving
real-time performance. TransPose [Yi et al. 2021] utilized a multi-
stage network to estimate global translation and joint positions,
while Transformer Inertial Poser (TIP) [Jiang et al. 2022b] leveraged
the attentionmechanism tomodel temporal dependencies and simul-
taneously reconstruct terrain. Other works focused on integrating
physical constraints to reduce physical implausibilities. Physical
Inertial Poser (PIP) [Yi et al. 2022] and Physical Non-Inertial Poser
(PNP) [Yi et al. 2024] integrated neural kinematics with physics-
based optimization to enforce contact constraints and ground re-
action forces. GlobalPose [Yi et al. 2025] improved by losing the
flat world assumption. UIP [Armani et al. 2024], UDP [Hollidt et al.
2026], and GIP [Xue et al. 2025] introduce UWB to constrain sensor
drift and improve joint estimation. Umotion [Liu et al. 2025] actively
modeled sensor uncertainty with a Kalman filter. However, a funda-
mental limitation of these learning-based systems is their reliance
on fixed sensor placement and idealized calibration. While methods
like DiffusionPoser [Van Wouwe et al. 2024], MobilePoser [Xu et al.
2024], and IMUCoCo [Zhou et al. 2025] have begun to address flexi-
ble placement using commodity devices, they typically require the
user to specify the sensor location or rely on heuristics that may
not generalize to arbitrary mounting points on the body surface.

2.2 IMU Calibration
Calibration is the prerequisite process for all inertial posers so far.
This consists of finding the world-reference alignment and the IMU-
body placement. Many works require performing a known "calibra-
tion pose" (e.g., T-Pose or N-Pose) [Armani et al. 2024; Bonfiglio
et al. 2025; Choe et al. 2019; Trumble et al. 2017; Xue et al. 2025]
or specific functional movements (e.g., hip rotation) to align the
sensor frames with the body segments [Favre et al. 2009; Nazarahari
et al. 2019; Vitali and Perkins 2020]. These manual procedures are
fragile; imperfect user execution leads to permanent offsets in the
kinematic chain, degrading pose accuracy for the entire session.
Other works focus on calibrating IMUs for certain parts of the body,
requiring the user to execute specific motions while modeling joint
rotation-axis restrictions [Bonfiglio et al. 2025; McInne et al. 2025].
This often involves manually modeling the feasible joint angles or
underlying skeletal restrictions [Cutti et al. 2008; McInne et al. 2025;
Vitali and Perkins 2020]. Clinical work often relies on expensive
IMUs to reduce errors [Kim and Golnaraghi 2004]. Some works lift
the requirement of fixed calibration motions [Müller et al. 2016;
Taetz et al. 2016] but remain limited to certain body parts. Several
works focus on the intrinsic calibration of the raw sensor readings
for the IMU to reduce measuring biases, errors, and noise [Bhatia
et al. 2016; Lee et al. 2011; Li et al. 2012; Qureshi and Golnaraghi
2017]. However, our work focuses on the extrinsic calibration of
IMUs, i.e. their placement in the world.

Most relevant for on-body IMU calibration is TIC [Zuo et al. 2025],
which addresses extrinsic IMU calibration in long-term inertial mo-
tion capture. In long sequences, IMUs suffer from drift due to sensor
noise and measurement errors. TIC reformulates the IMU measure-
ment problem as one where both the world frame and the bone
frame may drift. This allows TIC to reduce the drift in long motion
sequences, where inertial motion capture would previously fail. Yet,
TIC still requires an accurate initial calibration and assumes a per-
fect initial world-reference frame alignment and is restricted to a
known 6 IMU setup. We complement TIC’s work by localizing and
calibrating IMUs anywhere on the body.

2.3 Visual-Inertial Initialization
Visual information provides an absolute spatial reference that can
resolve the ambiguities inherent to purely inertial calibration. This
has been utilized in IMU-camera calibration [Fu et al. 2021; Rehder
and Siegwart 2017] that achieves errors below 1 in lab settings that
require additional calibration targets or rigid mounting of IMU and
camera. Li and Mourikis additionally model the time offset between
IMU and camera sensor streams [Li and Mourikis 2013]. In robot-
ics and computer vision, this problem is commonly formalized as
hand–eye calibration, which solves for a transformation 𝑋 in equa-
tions of the form 𝐴𝑋 = 𝑋𝐵, relating known motions of two rigidly
coupled sensors [Horaud and Dornaika 1995; Jiang et al. 2022a].
This formulation has been adapted to camera–IMU systems [Guo
and Roumeliotis 2013; Wu et al. 2021], but fundamentally relies on
the IMU being rigidly attached to the visual system. In contrast,
body-worn IMUs are neither rigidly coupled to the camera nor di-
rectly visible, and their placement on deformable human surfaces
introduces additional ambiguity. As a result, existing visual–inertial
calibration techniques do not directly apply to body-imu calibration.

Systems like TotalCapture [Trumble et al. 2017] fuse multi-view
video with IMU data for high-fidelity motion capture. Recent ad-
vances in human mesh recovery [mes 2026; Zhang et al. 2024], such
as PromptHMR [Wang et al. 2025], allow for accurate 3D mesh ex-
traction from single images and videos. Our method leverages this
visual prior to solve the "blind" localization and alignment problem.
Unlike previous methods that require known IMU positions [Zuo
et al. 2025], specific calibration motions [Cutti et al. 2008; Vitali and
Perkins 2020; Xsens 2024], or only work on a subset of joints [Müller
et al. 2016; Taetz et al. 2016], our method requires only a short video
clip of the user and solves the IMU localization, world-reference,
and body-sensor alignment.

3 Problem Formulation
We formalize IMU calibration as recovering the spatial and rota-
tional parameters necessary to map raw sensor data into vertex
orientations in a shared world frame. We consider a set of 𝐾 body-
worn sensors, where each sensor 𝑖 provides a length-T time-series
of orientations 𝑅𝐸𝐹𝑅 (𝑖 )𝑆 (t) and accelerations a(𝑖 )

𝑅𝐸𝐹
(t) measured in its

own local reference frame 𝑅𝐸𝐹𝑖 .
The orientation of body part 𝑉 in world frame𝑊 at time 𝑡 is

given by:
𝑊 𝑅𝑉 (𝑡) = 𝑊 𝑅𝑅𝐸𝐹︸ ︷︷ ︸

unknown

𝑅𝐸𝐹𝑅𝑆 (𝑡)︸    ︷︷    ︸
measured

𝑆𝑅𝑉︸︷︷︸
unknown

(1)
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where 𝑉 denotes the vertex frame to which the sensor is attached
(see Supplementary A). Our goal is to determine the calibration
parameters C𝑖 = {𝑣𝑖 , 𝑆𝑅 (𝑖 )𝑉 ,𝑊 𝑅

(𝑖 )
𝑅𝐸𝐹
} for each sensor 𝑖 = 1 . . . 𝐾 . Here,

𝑣𝑖 denotes the specific attachment location (vertex index) on the
underlying SMPL mesh. 𝑆𝑅 (𝑖 )𝑉 represents the sensor-to-body mount-
ing, i.e., the constant local orientation offset that transforms from
vertex frame 𝑉 to sensor frame 𝑆 . Equivalently, this mounting can
be expressed using its inverse rotation, 𝑆𝑅𝑉 = 𝑉𝑅

−1
𝑆
. The 𝑊 𝑅 (𝑖 )𝑅𝐸𝐹

denotes the alignment transformation that maps the sensor’s arbi-
trary reference frame 𝑅𝐸𝐹 into the shared world frame𝑊 . Formally,
VAIC takes as input the 𝐾 time-synchronized sensor measurements
𝑅𝐸𝐹𝑖𝑅𝑆𝑖 , a𝑅𝐸𝐹𝑖 and a monocular videoV of the actor, and outputs
the optimal calibration parameters C that enable reconstruction of
global vertex motion𝑊 𝑅𝑉 via the kinematic chain in Eq. 1.

4 Method
VAIC automates the recovery of the calibration parameters C𝑖 =
{𝑣𝑖 ,𝑉𝑅 (𝑖 )𝑆 ,𝑊 𝑅

(𝑖 )
𝑅𝐸𝐹
} for an arbitrary set of 𝐾 body-worn IMUs using

a three-stage pipeline, as highlighted in Alg. 1.
First, we reconstruct human motion from a monocular video

to synthesize "virtual" inertial measurements for each vertex in a
shared world frame𝑊 .

Second, inspired by hand–eye calibration [Horaud and Dornaika
1995], we propose a novel non-linear optimization that solves the
sensor-to-body mounting orientation 𝑆𝑅𝑉 by aligning measured
IMU signals with virtual inertial measurements derived from recon-
structed motion. We solve this optimization for every sensor–vertex
pair, combining three calibration-specific error terms: orientation
consistency, acceleration agreement, and physical mounting con-
straints. The resulting cost matrix captures how well each physical
sensor is explained by each candidate vertex.

Third, we solve a global assignment problem over the cost matrix
to uniquely identify the anatomical location of each sensor and
subsequently recover the sensor-specific reference frame alignment
𝑊 𝑅𝑅𝐸𝐹 .

4.1 Video-Based Motion Reconstruction
The pipeline is initialized by extracting a temporal sequence of SMPL
body meshes from the input video to serve as a dense kinematic
prior. We employ PromptHMR [Wang et al. 2025] to regress the
sequence of SMPL parameters, which are estimated in a consistent,
gravity-aligned world coordinate frame𝑊 .
We then synthesize IMU signals for each vertex 𝑗 by extracting

the time-varying global orientation𝑊 𝑅
( 𝑗 )
𝑉

and computing virtual

vertex accelerations â( 𝑗 )
𝑊

via second-order finite differences of the
global vertex positions, as done in prior work [Armani et al. 2024;
Jiang et al. 2022b; Yi et al. 2022].
PromptHMR’s estimates allow VAIC to automatically provide

SMPL shape parameters that other methods need to obtain via user
body measurements.

4.2 Body-Sensor Mounting
To localize the sensors without prior knowledge, we treat every
combination of a physical sensor 𝑖 and a mesh vertex 𝑗 as a candidate

Algorithm 1: Automated IMU Calibration

Input :VideoV , Sensor Data S = {(𝑅𝐸𝐹𝑅 (𝑖 )𝑆 , a(𝑖 )
𝑅𝐸𝐹
)}𝐾𝑖=1

Output :Calibration parameters C𝑖 = {𝑣𝑖 ,𝑉𝑅𝑆 ,𝑊 𝑅𝑅𝐸𝐹 }
1 MSMPL ← PromptHMR(V);
2 foreach vertex 𝑗 ∈ {1 . . . 𝑁 } do
3 {𝑊 𝑅 𝑗𝑉 (𝑡), â

𝑗

𝑊
(𝑡)} ← IMU-Synthetization(MSMPL);

4 foreach IMU 𝑖 and vertex 𝑗 do
5 // find optimal body placement of IMU 𝑖 on vertex 𝑗

using {(𝑅𝐸𝐹𝑅 (𝑖 )𝑆 (𝑡), a
(𝑖 )
𝑅𝐸𝐹
(𝑡))} and {𝑊 𝑅 𝑗𝑉 (𝑡), â

𝑗

𝑊
(𝑡)} ;

6 𝑇𝝎∗𝑆 , E𝑖, 𝑗 ←

argmin
𝑇𝝎𝑆

(
𝐸ori (𝑇𝝎𝑆 ) +𝜆𝑛𝐸norm (𝑇𝝎𝑆 ) +𝜆𝑎𝐸acc (𝑇𝝎𝑆 )

)
;

7 Store 𝑉𝑅 (𝑖, 𝑗 )𝑆
← 𝑉𝑅

( 𝑗 )
𝑇

Exp(𝑇𝝎∗𝑆 );

8 Assignment← HungarianAlg(E) ; // Optimal matches

9 foreach (𝑖, 𝑗) ∈ Assignment do
10 𝑊 𝑅

(𝑖 )
𝑅𝐸𝐹
← Avg𝑡

(
𝑊 𝑅

( 𝑗 )
𝑉
(𝑡) · 𝑉𝑅 (𝑖, 𝑗 )𝑆

· 𝑆𝑅 (𝑖 )𝑅𝐸𝐹 (𝑡)
)
;

11 return {𝑣 𝑗 ,𝑉𝑅 (𝑖, 𝑗 )𝑆
,𝑊 𝑅

(𝑖 )
𝑅𝐸𝐹
};

mounting hypothesis. For each of the𝐾×𝑁 pairs, we seek to estimate
the optimal local mounting orientation 𝑉𝑅𝑆 that minimizes the
discrepancy between the real sensor measurements and the virtual
vertex data.

For a fixed pair (𝑖, 𝑗), we formulate this as a non-linear mini-
mization problem with three cost terms. 𝐸ori aligns the virtual and
measured relative orientation changes, 𝐸norm ensures the sensor
sits flush against the skin, and 𝐸acc enforces consistency between
virtual and measured accelerations. To effectively apply the physi-
cal surface constraints in 𝐸norm, we re-parameterize the mounting
orientation 𝑉𝑅𝑆 with 𝑇𝑅𝑆 (see Sec. 4.2.2) and optimize over it.

Since 𝑆𝑅𝑇 lies on the 𝑆𝑂 (3) manifold, a direct minimization over
the rotation matrix is intractable. Instead, we rely on Lie algebra and
optimize over the vector 𝑇𝝎𝑆 = Log(𝑇𝑅𝑆 ), ensuring valid rotation
matrices [Sola et al. 2018]:

𝑇𝝎𝑆 , 𝜖 = argmin
𝑇𝝎𝑆

(
𝐸ori (𝑇𝝎𝑆 ) + 𝜆norm𝐸norm (𝑇𝝎𝑆 )

+ 𝜆acc𝐸acc (𝑇𝝎𝑆 )
) (2)

Once converged, we reconstruct the final mounting orientation
𝑉𝑅𝑆 from 𝑇𝑅𝑆 = Exp(𝑇𝝎𝑆 ). Here Exp(·) and Log(·) represent the
Lie algebra maps connecting the optimization vector space and the
rotation manifold [Sola et al. 2018].

4.2.1 Orientation Consistency. The orientation error aims to esti-
mate the mounting 𝑉𝑅𝑆 by aligning the synthetic and measured
orientation changes. Since the absolute global alignment 𝑊 𝑅𝑅𝐸𝐹
is unknown, we cannot compare orientations directly. Instead, we
rely on the Hand-Eye calibration approach [Horaud and Dornaika
1995], which compares relative rotations eliminating𝑊 𝑅𝑅𝐸𝐹 from
the formulation. Specifically, the relative rotation of the vertex frame
between time steps 𝑡 − 1 and 𝑡 must match the relative rotation
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of the sensor frame, mapped through the fixed mounting offset:
𝑉 (𝑡−1)𝑅𝑉 (𝑡 )𝑉𝑅𝑆 = 𝑉𝑅𝑆𝑆 (𝑡−1)𝑅𝑆 (𝑡 ) .

Consequently, by rearranging estimating 𝑉𝑅𝑆 can be formulated
as the following minimization problem:

𝑉 (𝑡−1)𝑅𝑉 (𝑡 )𝑉𝑅𝑆𝑆 (𝑡 )𝑅𝑆 (𝑡−1)𝑆𝑅𝑉 = 𝐼 (3)

Since we re-parameterize 𝑉𝑅𝑆 = 𝑉𝑅𝑇Exp(𝑇𝝎𝑆 ) (see Sec. 4.2.2), the
formulation for our error term using Lie algebra yields:

𝐸ori =
∑︁
𝑡




Log(𝑉 (𝑡 )𝑅𝑉 (𝑡−1) · [𝑉𝑅𝑇Exp(𝑇𝝎𝑆 )]
· 𝑆 (𝑡−1)𝑅𝑆 (𝑡 ) ·

[
𝑉𝑅𝑇Exp(𝑇𝝎𝑆 )

]𝑇 )


2 (4)

4.2.2 Normal Error. The normal error 𝐸norm exploits the fact that
IMUs are typically mounted flush against the skin, thereby discour-
aging physically infeasible vertex-to-sensor rotations 𝑉𝑅𝑆 .
While 𝐸ori constrains the rigid relationship between frames, it

is mathematically prone to symmetric ambiguities, such as distin-
guishing a sensor on the top of the wrist from one on the bot-
tom. To resolve this, we introduce a geometric prior 𝐸norm based
on the physical observation that body-worn sensors are typically
mounted flat against the skin, aligning the Z-axis of the sensor with
the surface normal. We decompose the mounting orientation into
𝑉𝑅𝑆 = 𝑉𝑅𝑇 · 𝑇𝑅𝑆 , where 𝑇 is a tangent coordinate frame aligned
with the vertex surface normal. The frame 𝑇 is rigidly attached to
the vertex frame. As a result, the rotation 𝑉𝑅𝑇 is constant and can
be precomputed. In this tangent frame, a surface-aligned sensor
should exhibit rotation primarily around the 𝑧-axis (yaw), with neg-
ligible tilt components. We therefore strictly penalize the non-yaw
components (𝑥 and 𝑦) of the optimization vector 𝑇𝝎𝑆 = Log(𝑇𝑅𝑆 ):

𝐸norm =




[𝑇𝝎𝑆 ]𝑥,𝑦


2 (5)

4.2.3 Acceleration Error. To further refine the localization, partic-
ularly along bone segments where rotations are similar but linear
velocities differ, we incorporate an acceleration error term 𝐸acc. We
project the sensor acceleration a𝑅𝐸𝐹 measured in the sensor’s refer-
ence frame 𝑅𝐸𝐹 into the global world frame using the current kine-
matic estimate: 𝑊 𝑅𝑒𝑠𝑡𝑅𝐸𝐹 (𝑡) = 𝑊 𝑅𝑉 (𝑡)𝑉𝑅𝑆𝑆𝑅𝑅𝐸𝐹 (𝑡). This projected
acceleration is compared against the virtual vertex acceleration â𝑊 :

𝐸acc =
∑︁
𝑡




â𝑊 (𝑡) − (
𝑊 𝑅

𝑒𝑠𝑡
𝑅𝐸𝐹
(𝑡) · a𝑅𝐸𝐹 (𝑡)

)


2 (6)

Note for simplicity, in the error term, we do not enforce a fixed
𝑊 𝑅

𝑒𝑠𝑡
𝑅𝐸𝐹

for the whole sequence.

4.3 Vertex Assignment
After performing the pairwise optimization, we obtain a cost matrix
E ∈ R𝐾×𝑁 , where each entry 𝜖𝑖, 𝑗 represents the minimum residual
error for mounting sensor 𝑖 to vertex 𝑗 . To identify the specific
anatomical location of each sensor, we formulate this as a global
linear assignment problem.

We apply the Hungarian algorithm (matching) to find the optimal
mapping that minimizes the total system error [Crouse 2016]. This
step uniquely assigns each physical IMU to a specific vertex index
𝑣𝑖 on the mesh, thereby localizing the sensors on the body without
requiring manual measurements.

4.4 Reference Frame Alignment
With the sensor location 𝑣𝑖 and the mounting orientation 𝑉𝑅𝑆 now
determined, the final step is to recover the global alignment𝑊 𝑅𝑅𝐸𝐹 .
Theoretically, this transformation is constant. However, due to er-
rors in the video-based pose estimation, computing it from a single
frame is unreliable.

Instead, we first compute the instantaneous alignment candidate
𝑊 𝑅𝑅𝐸𝐹 (𝑡) for every time step 𝑡 using the kinematic chain:

𝑊 𝑅𝑅𝐸𝐹 (𝑡) =𝑊 𝑅𝑉 (𝑡) · 𝑉𝑅𝑆 · 𝑆𝑅𝑅𝐸𝐹 (𝑡) (7)

where 𝑆𝑅𝑅𝐸𝐹 (𝑡) is the inverse of the measured sensor orientation.
To obtain a robust, static estimate, we compute the mean rotation
over the sequence using the Karcher-Mean [Moakher 2002]:

𝑊 𝑅𝑅𝐸𝐹 = Karcher-Mean(𝑊 𝑅𝑅𝐸𝐹 (0), · · · ,𝑊 𝑅𝑅𝐸𝐹 (T )) (8)

This effectively solves the calibration problem, yielding the complete
parameter set C𝑖 for each sensor: its specific location on the SMPL
mesh 𝑣𝑖 , the local body mounting 𝑉𝑅 (𝑖 )𝑆 , and the global reference

alignment𝑊 𝑅 (𝑖 )𝑅𝐸𝐹 .

5 Experiments
We evaluate VAIC on the TotalCapture (TC) dataset [Trumble et al.
2017], a standard benchmark for inertial motion capture providing
synchronized video, IMUmeasurements, and global reference sensor
alignments𝑊 𝑅

𝑔𝑡

𝑅𝐸𝐹
. Ground-truth sensor-to-bone orientations 𝑉𝑅

𝑔𝑡

𝑆

are computed from GT-SMPL poses obtained via optical motion
capture [Huang et al. 2018; Mahmood et al. 2019]. IMU placements
are manually annotated using multi-view video data.

Each TotalCapture sequence begins with a T-Pose, which we use
for the standard T-Pose calibration baseline. The remaining sequence
contains diverse motions ranging from low- to high-dynamic activi-
ties, including unconstrained “ROM” motions that are particularly
challenging for our method. In contrast to pose-based calibration ap-
proaches, VAIC performs calibration directly from these in-the-wild
motions without requiring user instructions.

To compare against additional calibration baselines, we recorded
a second extensive dataset, 𝐷𝑆𝑉𝐴𝐼𝐶 , using the same Xsens IMUs as
in TC. Ground-truth SMPL poses are obtained via optical motion
capture and MoSh++ [Loper et al. 2014; Mahmood et al. 2019], while
𝑉𝑅

𝑔𝑡

𝑆
and 𝑊 𝑅

𝑔𝑡

𝑅𝐸𝐹
are measured using the motion capture system.

We compare against T-/N-Pose calibration, N-Pose→T-Pose, and
N-Pose+walking calibration, the latter closely matching the com-
mercial Xsens calibration procedure. We use the implementations
provided by GlobalPose [Yi et al. 2025]. It totals roughly 70 minutes
with 8 participants. 𝐷𝑆𝑉𝐴𝐼𝐶 uses the standard 6-IMU placement on
wrists, legs, pelvis, and head with the focus on evaluating sensor
calibration. We evaluate three aspects: blind sensor localization
accuracy, automated calibration quality compared to standard pose-
based calibrations, and comparison to the learning-based baseline
TIC [Zuo et al. 2025].

5.1 Metrics
We evaluate VAIC by assessing localization accuracy and calibration
orientation quality. We report the following metrics:
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Table 1. VAIC accurately localizes all 13 IMUs anywhere on the body. SMPL
GT indicates the maximal feasible calibration results by replacing camera
generated SMPL with GT SMPL. Metrics reported as mean ± standard
deviation. AE means angle error.

Bone Pos. AE AE AE
Method Seq. Acc. (%) Err. (cm) 𝑊 𝑅𝑉 (◦) 𝑉𝑅𝑆 (◦) 𝑊 𝑅𝑅𝐸𝐹 (◦)

VAIC 10 s 95.5 6.0 ± 8.7 16.6 ± 11.6 16.5 ± 13.6 11.7 ± 9.2
VAIC 20 s 95.9 5.8 ± 8.6 15.8 ± 10.8 15.8 ± 12.2 10.5 ± 5.2
VAIC 30 s 95.0 6.2 ± 8.9 15.5 ± 9.2 15.5 ± 10.2 9.6 ± 5.2

VAIC w/
SMPL GT 10 s 99.3 3.6 ± 3.7 8.0 ± 5.4 10.2 ± 6.8 5.6 ± 4.1

Table 2. Quantitative comparison between TIC and VAIC. TIC tries to con-
tinuously calibrate from known IMU positions. TIC assumes to start from
calibrated IMUs and fails with uncalibrated initialization. VAIC calibrates
more accurately than TIC. Only 6 IMUs are used here, as TIC only supports
Head, Pelvis, Lower Arms and Lower Leg IMUs.

Method Initialization AE𝑊 𝑅𝑉 (◦) AE 𝑉𝑅𝑆 (◦) AE𝑊 𝑅𝑅𝐸𝐹 (◦)

TIC Raw 92.4 ± 30.2 56.3 ± 35.4 33.4 ± 27.0
TIC T-Pose 15.5 ± 2.3 16.5 ± 4.2 7.4 ± 2.3
TIC VAIC 10s 12.6 ± 3.6 11.2 ± 3.0 6.8 ± 3.8
TIC VAIC 20s 12.5 ± 3.8 11.9 ± 4.0 6.8 ± 4.0

T-Pose - 16.7 ± 8.7 19.5 ± 11.5 7.5 ± 5.4
VAIC 10 s Raw 16.1 ± 6.3 14.3 ± 7.8 11.0 ± 6.0
VAIC 20 s Raw 15.3 ± 6.1 14.4 ± 8.6 10.0 ± 6.5

Bone Accuracy (%): The percentage of predicted vertex positions
that are assigned to the correct bone segment.

Position Error (cm): The Root Mean Squared Error (RMSE) be-
tween the predicted vertex position and the ground truth
position in the T-Pose configuration.

Angle Error𝑊 𝑅𝑉 (◦): The end-to-end angular distance between
the ground truth vertex orientation (derived from SMPL) and
the predicted orientation computed via the kinematic chain
𝑊 𝑅𝑅𝐸𝐹 · 𝑅𝐸𝐹𝑅𝑆 · 𝑆𝑅𝑉 over the whole motion sequence. This
metric reflects the cumulative system accuracy.

Angle Error 𝑉𝑅𝑆 (◦): The geodesic angular distance between the
predicted and ground truth sensor mounting orientations
(sensor-to-bone calibration).

Angle Error𝑊 𝑅𝑅𝐸𝐹 (◦): The angular error between the predicted
and ground truth transformations from the reference frame
to the world frame (coordinate frame alignment).

5.2 Quantitative Results
5.2.1 IMU Localization. VAIC localizes IMUs to the correct body
segment with up to 95.9% accuracy and a mean position error of
5.8 cm (Tab. 1). Most failures occur between adjacent body segments,
such as confusing lower- and upper-arm sensors, which still results
in relatively small spatial errors. These errors are concentrated in
the low-motion “ROM” sequences, where insufficient excitation re-
duces identifiability for our optimization. Excluding these sequences
improves localization accuracy to 97.9% and reduces the position
error to 5.1 cm.

The method also achieves accurate orientation recovery with an
end-to-end angular error (AE𝑊 𝑅𝑉 ) of 15.5◦. Increasing calibration

Table 3. Quantitative comparison between different calibration methods
on 𝐷𝑆𝑉𝐴𝐼𝐶 using known positions of the 6 IMUs.

Method AE𝑊 𝑅𝑉 (◦) AE 𝑉𝑅𝑆 (◦) AE𝑊 𝑅𝑅𝐸𝐹 (◦)

N-Pose + Walking 26.2 ± 3.5 36.1 ± 12.1 27.0 ± 11.8
N-Pose→T-Pose 20.5 ± 2.9 33.1 ± 14.8 26.1 ± 14.8
N-Pose 35.9 ± 6.8 69.7 ± 23.7 65.4 ± 26.2
T-Pose 32.4 ± 8.6 67.2 ± 24.1 65.4 ± 26.2
TIC + T-Pose 34.6 ± 12.2 41.4 ± 17.9 58.0 ± 26.0
TIC + VAIC 15.6 ± 3.5 13.5 ± 3.1 11.4 ± 4.0
VAIC 20 s 17.4 ± 3.4 16.9 ± 3.1 14.2 ± 3.1

Table 4. Ablation study of optimization terms in VAIC (10 s sequence length).
Both the normal error 𝐸norm and acceleration error 𝐸acc improve localization
and the angle error. Metrics are reported as mean ± standard deviation.

Optimization Terms Metrics

Bone Pos. AE AE AE
Ori Acc Norm Acc. (%) Err. (cm) 𝑊 𝑅𝑉 (◦) 𝑉𝑅𝑆 (◦) 𝑊 𝑅𝑅𝐸𝐹 (◦)

✓ 90.1 14.5 ± 10.9 19.5 ± 13.8 21.4 ± 19.1 15.9 ± 17.3
✓ ✓ 93.5 7.6 ± 10.4 18.7 ± 13.4 20.2 ± 18.9 15.9 ± 17.0
✓ ✓ 91.6 10.7 ± 9.5 17.0 ± 11.1 17.3 ± 14.2 11.6 ± 10.7
✓ ✓ ✓ 95.5 6.0 ± 8.7 16.6 ± 11.6 16.5 ± 13.6 11.7 ± 9.2

duration beyond 20 s provides little additional benefit. Notably, VAIC
remains robust on challenging freestyle motions, including crawling
and rolling sequences that differ substantially from standard cali-
bration actions. Using GT SMPL instead of monocularly estimated
motion further improves localization to 99.3% accuracy and reduces
angular error to 8.0◦, indicating that video pose estimation remains
the primary bottleneck.

5.2.2 IMU Calibration. We evaluate calibration quality against
both scripted pose-based procedures and the continuous calibration
method TIC [Zuo et al. 2025]. On 𝐷𝑆𝑉𝐴𝐼𝐶 , VAIC achieves an end-to-
end orientation error of 17.4◦, with sensor-to-body and reference-
frame errors of 16.9◦ and 14.2◦, respectively (Tab. 3), outperforming
all scripted calibration baselines. The strongest pose-based base-
line, N-Pose→T-Pose, reaches 20.5◦ AE𝑊 𝑅𝑉 , while the Xsens-like
N-Pose+walking procedure obtains 26.2◦; both also exhibit substan-
tially larger sensor mounting errors than VAIC (33.1◦ and 36.1◦ vs.
16.9◦). Static N-/T-Pose calibrations perform substantially worse on
𝐷𝑆𝑉𝐴𝐼𝐶 , which we attribute to less reliable initial IMU reference-
frame estimates, in particular heading errors. Since static pose-based
methods assume a correct global reference alignment, reference-
frame errors are absorbed into the estimated sensor-to-body mount-
ing offsets and propagate to both 𝑉𝑅𝑆 and 𝑊 𝑅𝑅𝐸𝐹 errors. Errors
on 𝐷𝑆𝑉𝐴𝐼𝐶 are generally higher than on TotalCapture because its
recordings exhibit stronger magnetic disturbances and are slightly
longer, leading to larger accumulated heading drift. A single T-Pose
cannot reliably correct the resulting world-reference misalignment,
which particularly affects pose-based calibration methods that de-
pend on an accurate initial reference-frame alignment. In contrast,
VAIC exploits relative orientation changes over arbitrary motion,
making it less sensitive to pose execution errors and imperfect
reference-frame alignment.
We further compare against TIC, which is designed to continu-

ously refine an already calibrated inertial setup rather than solve
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Fig. 3. Localization results of VAIC on a 20s walking calibration sequence. VAIC accurately recovers the positions of uncalibrated IMUs on the body. Red
circles indicate predicted positions, and green diamonds show ground truth. Brighter colors indicate a higher matching score between the IMU and the vertex.
It is generally seen that vertices on the same body part have higher match scores. The correct localization on that body part is aided by the normal error that
models the sensor lying flat on the body.

cold-start initialization. This is confirmed on TotalCapture in Tab. 2:
from raw sensor orientations, TIC yields 92.4◦ AE𝑊 𝑅𝑉 , but with
a manual T-Pose initialization it performs well, reaching 15.5◦ AE
𝑊 𝑅𝑉 , 16.5◦ AE 𝑉𝑅𝑆 , and 7.4◦ AE𝑊 𝑅𝑅𝐸𝐹 on the six supported IMUs.
Thus, TIC is effective when the initial calibration and reference-
frame alignment are sufficiently accurate, but can struggle when
initialization is too far from the true solution. By design, VAIC
targets this cold-start setting: starting from uncalibrated measure-
ments, it achieves comparable end-to-end accuracy and better local
mounting calibration using only 20 s of arbitrary motion (15.3◦ AE
𝑊 𝑅𝑉 , 14.4◦ AE 𝑉𝑅𝑆 ), while its global reference alignment is slightly
less accurate (10.0◦).
The two methods are therefore complementary. When TIC is

initialized with VAIC, performance improves to 12.5◦ AE𝑊 𝑅𝑉 and
11.9◦ AE 𝑉𝑅𝑆 on TotalCapture. The same trend appears on 𝐷𝑆𝑉𝐴𝐼𝐶 ,
where TIC+VAIC achieves the best overall results, reducing the
errors to 15.6◦, 13.5◦, and 11.4◦ for𝑊 𝑅𝑉 , 𝑉𝑅𝑆 , and𝑊 𝑅𝑅𝐸𝐹 , respec-
tively. Thus, VAIC can provide an automatic initialization for TIC,
which can then be used for continuous refinement during extended
capture sessions.

5.3 Qualitative Results
As shown before, VAIC accurately recovers the location of the IMUs.
This is visible in Fig. 3 where IMUs are often assigned to the correct
vertex and vertices in that region also experience the lowest error
terms, indicated by the brighter colors. Fig. 4 shows that the IMU

body mounting is well estimated: an error of just 14.4◦ looks visually
close to the ground truth.

5.4 User Study
In an 8-participant counterbalanced user study, we compared the cal-
ibration procedure of VAIC against Xsens, a commercial IMU-based
motion capture system requiring precise sensor placement, user-
specific measurements (e.g., height and shoe size), and a two-step
calibration procedure comparable to the N-pose + walking method
(Table 3). Participants were first introduced to both calibration pro-
cedures and then performed the calibration process, from sensor
placement to calibration poses. Afterwards, they rated ease of use,
likelihood of user errors, and overall preference on a Likert scale. If
Xsens reported poor calibration quality, participants repeated the
procedure once. VAIC reduced sensor placement time by 36% and
overall calibration time by 60% (3 minutes faster), as sensors could
be attached arbitrarily and localized automatically. Participants also
significantly preferred VAIC over the Xsens calibration procedure
(Xsens: 3.3 vs. VAIC: 5, 𝑝 < .01), reporting that Xsens required
greater precision and concentration during both sensor placement
and calibration. Overall, participants favored VAIC due to its simpler
workflow, requiring only unconstrained sensor placement and a
short self-recorded video.

This user study demonstrates the practical benefits of VAIC for ev-
eryday motion capture scenarios. By automatically localizing IMUs
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Fig. 4. Visualization of different 𝑉 𝑅𝑆 results of VAIC. VAIC generates ac-
curate calibration results. Dashed lines indicate the predicted frame, solid
lines the ground truth frame.

and eliminating the need for precise calibration poses, VAIC sub-
stantially reduces both setup time and calibration effort compared
to conventional IMU-based motion capture workflows.

5.5 Ablation Study
We analyze the contribution of each term in our objective function
in Table 4. The orientation term (𝐸ori) alone achieves reasonable
bone association (90.1%) but suffers from high spatial ambiguity
(14.5 cm error), as multiple vertices on a limb share similar rota-
tional trajectories. Incorporating the surface normal prior (𝐸norm)
encourages the physical constraint that sensors are mounted flush
with the skin; this significantly improves localization precision, re-
ducing position error to 7.6 cm by ruling out geometrically valid
but implausible orientations. This is particularly beneficial for IMUs
on the rigid torso, where it helps distinguish between front- and
back-mounted sensors. The acceleration term (𝐸acc) proves criti-
cal for global alignment and disambiguation along the kinematic
chain. By matching linear accelerations, which vary along a limb, it
provides a strong reference constraint that rotation alone cannot
resolve, reducing the global alignment error (𝑊 𝑅𝑅𝐸𝐹 ) from 15.9◦ to
11.6◦. Combining all terms yields the highest performance across
all metrics, confirming that robust calibration requires satisfying
both kinematic and geometric constraints.

6 Discussion
VAIC accurately localizes and calibrates IMUs on the body, yet cer-
tain limitations remain. Errors are higher on static or symmetric
motions, such as the "ROM" sequences, suggesting that VAIC could

benefit from improved heuristics to identify and filter static cali-
bration intervals. The upper bound of VAIC’s calibration quality is
higher when using ground-truth motion capture data, highlighting
that the accuracy of monocular SMPL estimation remains a limiting
factor. While VAIC’s optimization is fast (see Suppl. B.3), obtaining
the required vision-based mesh estimates incurs additional runtime
and currently dominates the overall calibration time. As video-based
pose estimators continue to improve in both quality and inference
speed, we expect corresponding gains in VAIC’s performance.

We show that assuming a flush sensor mounting and enforcing a
normal-alignment prior improves IMU localization, as ambiguous
positions can be differentiated more reliably. For example, torso
front/back placements can yield similar IMU signals under a 180◦
calibration flip, so the prior favors candidates whose sensor axis
agrees with the mesh normal. This prior is physically motivated:
wearable IMUs are typically mounted on a flat PCB inside a casing,
with one side attached to the body via a strap. The PCB is therefore
approximately tangent to the body surface, and one sensor axis (typ-
ically the z-axis) roughly aligns with the surface normal. However,
when IMUs are mounted with random orientation to the body or
the mounting is not flush against the body, this prior may fail and
localization accuracy can degrade.
VAIC excels in body-sensor mounting 𝑉𝑅𝑆 , while global align-

ment𝑊 𝑅𝑅𝐸𝐹 is comparable to baselines. Crucially, VAIC aligns all
IMUs to a consistent camera-defined world frame; this ensures ro-
bust kinematic reconstruction even in environments where mag-
netic interference renders magnetometer-based alignment unreli-
able. Currently, VAIC treats all time steps equally in its optimiza-
tion. Incorporating uncertainty-aware pose estimates or RANSAC-
style outlier rejection could further enhance robustness by down-
weighting or removing time intervals that hinder convergence, lead-
ing to more accurate calibration in challenging sequences.

7 Conclusion
In this work, we presented VAIC, a video-aided framework that
addresses a fundamental bottleneck of inertial motion capture: the
calibration of sensor location, body-mounting orientation, andworld
reference alignment. By eliminating the reliance on manual mea-
surements, specific calibration poses, and exact placement of IMUs
on the body, we enable an effortless and accurate calibration.

Our approach leverages a short video to calibrate IMUs anywhere
on the body. By extracting SMPL poses from a video clip, we formu-
late calibration as a nonlinear optimization problem. A key technical
contribution is our use of a surface-normal geometric prior, which
resolves the symmetric ambiguities inherent to rotation-only match-
ing by constraining the sensormounting to a reliable yaw estimation.
With this optimization, VAIC recovers all calibration parameters
and user shape from an arbitrary calibration motion. Experimental
evaluation on the TotalCapture benchmark demonstrates that VAIC
blindly localizes sensors to the correct body segment with 95.9%
accuracy. Furthermore, it surpasses standard calibration protocols
in orientation accuracy while being preferred by users as simpler
to use. By automating the initialization of sparse inertial systems,
VAIC bridges the gap between controlled laboratory capture and
accessible, everyday motion recording.
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Supplementary Material

A Frame Definitions
Many inertial pose estimators assume noise-free IMU orientations
that are already calibrated and expressed in a shared world frame
𝑊 [Armani et al. 2024; Hollidt et al. 2026; Jiang et al. 2022b; Yi et al.
2022, 2024]. In practice, each IMU measures the orientation of its
sensor frame 𝑆 relative to its own internal reference frame 𝑅𝐸𝐹 .
These measurements do not directly provide the world-space orien-
tation of an associated SMPL bone frame 𝐵. An IMU cannot directly
measure the orientation of a bone frame 𝐵; at best, it measures the
orientation of the surface-attached vertex frame 𝑉 at its mounting
location, up to a fixed sensor-to-vertex rotation. We further define a
surface tangent frame𝑇 at each vertex, whose 𝑧-axis aligns with the
local surface normal and which constrains the mounting rotation
to an in-plane yaw. Calibration estimates the alignment between
𝑅𝐸𝐹 and𝑊 and the fixed relation between 𝑆 and the candidate
body-surface frame. Table 5 summarizes the coordinate frames used
throughout the paper.
The relative rotation between frames 𝐴 and 𝐵 satisfies 𝐴𝑅𝐵 =

𝐵𝑅
𝑇
𝐴
= 𝐵𝑅

−1
𝐴
. We use this inverse relationship throughout the paper.

B Vertex Frame
In our formulation, we utilize vertex frames instead of bone ori-
entations. This allows for a more precise formulation and better
calibration. Sparse inertial pose estimators commonly model an IMU
measurement as the orientation of its associated bone. However, an
IMU directly measures only the orientation of its own local frame
and, at best, the orientation of the skin surface at its attachment
location. Moreover, a bone-based representation assigns a single
orientation to every vertex influenced by that bone, whereas surface
motion varies continuously, particularly near joints. For example,
when the forearm twists by 65◦ about its longitudinal axis while
the elbow remains fixed, vertices near the wrist rotate substantially
more than those near the elbow; assigning one forearm orienta-
tion to all such vertices can result in errors of up to 30◦. Vertex
frames capture this spatially varying surface motion and therefore
provide a more accurate representation for IMU calibration. Using
the SMPL model, we can assign each vertex a frame that is consis-
tent. We derive the vertex frame orientations using the standard
SMPL formulation described by Loper et al. [Loper et al. 2015]. Our
implementation is identical to the standard SMPL model regarding
the computation of shape offsets 𝐵𝑆 ( ®𝛽), pose offsets 𝐵𝑃 ( ®𝜃 ), joint
locations 𝐽 ( ®𝛽), and the kinematic hierarchy of coordinate frames.
Specifically, for a given pose ®𝜃 and shape ®𝛽 , we compute the

global world transformation G𝑘 ∈ 𝑆𝐸 (3) for every joint 𝑘 , exactly as

Table 5. Coordinate frames used by VAIC. Each IMU has its own sensor
frame 𝑆 and internal reference frame 𝑅𝐸𝐹 . Mesh-derived vertex frames𝑉
and surface tangent frames 𝑇 describe candidate body-mounted sensor
locations.

Frame Definition

𝑊 Shared world frame in which all calibrated IMU orienta-
tions are expressed. Sparse inertial posing requires mea-
surements from all sensors to be represented in a common
world frame.

𝑅𝐸𝐹 Internal reference frame of an individual IMU. This frame
may differ across sensors. IMU state estimators commonly
initialize it as an East–North–Up (ENU) frame, but mag-
netic disturbances and inaccurate gravity estimates can
cause unreliable initialization.

𝑆 Sensor frame fixed to the physical IMU. The IMU reports
its orientation relative to its internal reference frame 𝑅𝐸𝐹 .

𝑉 Vertex frame rigidly attached to mesh vertex 𝑣 , as defined
in Sec. B. Its motion is obtained from the recovered SMPL
mesh and represents the kinematics of an IMU ideally
mounted at vertex 𝑣 .

𝑇 Surface tangent frame associated with vertex 𝑣 . It is rigidly
related to𝑉 and is oriented such that its 𝑧-axis aligns with
the local mesh surface normal.

𝐵 SMPL bone frame associated with bone 𝐵. Unlike𝑉 , which
is attached to a specific surface vertex, a bone frame de-
scribes the orientation of an underlying skeletal segment.
Many inertial posers assume that the calibrated IMU ori-
entation directly corresponds to 𝐵.

defined in the SMPL kinematic tree. The deviation from the standard
pipeline occurs only at the Linear Blend Skinning (LBS) stage.
In the standard SMPL model, LBS is used to compute a vertex

position t′𝑖 . The model defines a transformation matrix T𝑖 ∈ R4×4 for
vertex 𝑖 as the linear combination of joint transformations weighted
by skinning weights𝑤𝑘,𝑖 :

T𝑖 =
𝐾∑︁
𝑘=1

𝑤𝑘,𝑖G𝑘 ( ®𝜃, 𝐽 ( ®𝛽)) (9)

While the standard model computes the vertex position via t′𝑖 =
T𝑖 t̄𝑖 (where t̄𝑖 is the vertex in the rest pose), we isolate the rotational
component of T𝑖 to define the vertex orientation. Let R̄𝑖 be the
upper-left 3 × 3 sub-matrix of T𝑖 :
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R̄𝑖 =
𝐾∑︁
𝑘=1

𝑤𝑘,𝑖R𝑘 (10)

where R𝑘 is the rotation matrix of joint 𝑘 in the world frame.
Because R̄𝑖 is a linear interpolation of rotation matrices, it is gen-
erally not orthogonal (containing scaling and shear) and does not
belong to 𝑆𝑂 (3). To obtain a valid rigid rotation frame𝑊 𝑅𝑉 for the
IMU alignment, we project R̄𝑖 onto the closest rotation matrix using
Singular Value Decomposition (SVD):

U,Σ,V𝑇 = SVD(R̄𝑖 ) (11)

𝑊 𝑅𝑉 = UV𝑇 (12)

This results in the orthonormal orientation𝑊 𝑅𝑉 of the vertex 𝑉
in the world frame𝑊 .

B.1 Implementation Details
We implement VAIC using PyTorch. The pairwise calibration is for-
mulated as a non-linear least squares problem and solved using a
custom, batched Levenberg-Marquardt optimizer executed on the
GPU. We approximate the Jacobian matrix using forward finite dif-
ferences with a perturbation step size of 𝜖 = 10−5. To ensure broad
coverage, we select 372 target vertices distributed uniformly across
the SMPL mesh. The optimization converges in approximately 5
seconds for a 10-second input sequence and 10 seconds for a 20-
second sequence using an RTX 4090. We set the weighting terms
to 𝜆norm = 0.1 and 𝜆acc = 5 · 10−6, ensuring their residuals scale to
approximately one-tenth of the orientation error magnitude. These
hyperparameters were empirically validated on a subset of 50 cali-
bration sequences.

B.2 Motion Filtering
VAIC requires sufficient motion during calibration, since static poses
can lead to calibration ambiguities. In TotalCapture, some segments
are static (e.g., holding a yoga pose) or capture the user leaving
the camera view, so we automatically remove such segments using
simple heuristics. Specifically, we exclude segments where video-
based mesh recovery fails to detect a person or where motion is
negligible. To detect low-motion segments, we compute the standard
deviation of the root translation and SMPL joint rotations over time,
discarding sequences whose ground-plane root translation standard
deviation is too small or whose mean joint angle standard deviation
indicates near-static motion. In practice, we require a ground-plane
root translation standard deviation 𝜎trans > 0.1m and a mean joint
angle standard deviation 𝜎pose > 0.1rad.

B.3 Optimization Details
VAIC itself is lightweight once SMPL motion is available: for a
10s calibration video on an RTX4090, IMU synthesis takes 1.7s,
our optimization 5.3s, and Hungarian matching 0.1s, for a total of
7.1s. We use a batched Levenberg-Marquardt GPU solver, solving
each vertex-sensor optimization independently. It converges reli-
ably across all pairs (final step size <0.003) within 50 steps from
random initialization. Initializing with a closed-form linear solution

for the orientation energy term (AX=XB) or increasing the number
of optimization steps does not improve accuracy.
The main bottleneck in the end-to-end pipeline is monocular

HMR. In the paper, we use PromptHMR as the HMR backend, but
VAIC only requires an SMPL motion sequence, so faster HMR back-
ends with comparable reconstruction quality can reduce runtime.
With PromptHMR [Wang et al. 2025], GVHMR [Shen et al. 2024]
or FastHMR [Mehraban et al. 2026] the total wall-clock runtime
is approximately 126s/88s/33s, respectively, for the same 10s se-
quence. Reducing this runtime further would enable near-real-time
operation with minimal waiting time for the user.

B.4 Joint Uncertainty
VAIC assigns equal weight to residuals across all timestamps during
optimization. In principle, timestamps with unreliable joint esti-
mates could be downweighted or excluded if the corresponding
uncertainty is known. Such cases may occur under strong occlu-
sions or when the user partially leaves the camera field of view.
We experimented with uncertainty-aware weighting strategies

based on PromptHMR’s predicted joint confidence scores and joint
reprojection errors. Residuals associated with low-confidence or
high-reprojection-error joints were reduced or removed from the
optimization objective. However, we did not observe a significant im-
provement in calibration accuracy. This suggests that PromptHMR
already provides sufficiently robust pose estimates under occlu-
sions and partial visibility, making additional uncertainty weighting
largely unnecessary in our setting.

C Validation Details
On TotalCapture, we recover meshes independently from six camera
views, excluding two views with persistent blur or human detec-
tion failures. Ground-truth sensor-to-bone orientations 𝑉𝑅

𝑔𝑡

𝑆
are

computed from GT-SMPL poses obtained via optical motion cap-
ture [Huang et al. 2018; Mahmood et al. 2019]. SMPL ground truth is
minimally smoothed to reduce marker jitter, and segments contain-
ing artifacts or insufficient motion are excluded using the motion
filtering strategy described in Sec. B.2, leaving 478 ten-second cali-
bration sequences. For standard T-Pose calibration, we use frames
10–30 of the initial T-Pose segment provided in each TotalCapture
sequence. Monocular pose estimates are aligned with ground truth
only for metric evaluation due to the unknown absolute heading.

The𝐷𝑆𝑉𝐴𝐼𝐶 dataset was recorded with 8 participants using Xsens
IMUs and an OptiTrack optical motion capture system for ground-
truthmotion capture. Ground-truth SMPL poses are obtained through
MoSh++ [Loper et al. 2014; Mahmood et al. 2019], while 𝑉𝑅

𝑔𝑡

𝑆
and

𝑊 𝑅
𝑔𝑡

𝑅𝐸𝐹
are measured using the motion capture system. Video-based

mesh recovery is performed from a monocular iPhone video. Each
participant recorded 3 sequences, leading to 20 sequences of roughly
4 minutes each after filtering failed recordings.

Participants received detailed instructions for each calibration
procedure. Each recording session was captured continuously in the
following order: N-Pose, N-Pose→T-Pose, T-Pose, walking, and 40 s
of dynamic motions. The N-Pose→T-Pose baseline recovers head-
ing from the arm rotation axis, while the N-Pose+walking baseline
estimates heading from the walking direction, closely matching the

SA Conference Papers ’26, December 01–04, 2026, Kuala Lumpur, Malaysia.



Vision-Aided IMU Calibrator: Robust On-body IMU Calibration from a Single Video • c

commercial Xsens calibration procedure. TIC represents a recent
learning-based approach and can be used on any motion; we re-
port the online calibration results. To avoid evaluation bias toward
motions used during calibration, a separate validation block was
recorded consisting of 40 s of dynamic motions, N-Pose, T-Pose,
and turning in a circle. In total, this resulted in 20 sequences of
approximately four minutes each.
Compared to TotalCapture, 𝐷𝑆𝑉𝐴𝐼𝐶 exhibits stronger magnetic

disturbances, leading to less stable IMU reference frame initializa-
tion. Since the IMUs initialize their reference frame based on the
local ENU frame, we frequently observe substantial heading offsets,
which some calibration baselines cannot recover from.

Throughout our experiments, IMU, SMPL, and video streams
are time-synchronized at recording time, which is realistic in prac-
tice: commercial inertial mocap software such as Xsens MVN sup-
ports synchronized IMU and video capture out of the box, and any
single-device recorder (e.g. a smartphone capturing both video and
connected IMU streams) yields device-side synchronization by con-
struction.

C.1 Metrics
Bone Accuracy: To account for the high density of joints in the torso,
we treat the spine and sternum bone sets as a single target class.

D Modeling Sensor Drift
In our main method, we assume the calibration parameters are static
(see Eq. 1). However, in long-term capture scenarios, inertial systems
are subject to two primary sources of drift: global reference drift
(e.g., due to magnetic interference) and local attachment drift (e.g.,
soft tissue artifacts or sensor slippage).
We can extend our formulation to explicitly model these time-

varying effects. Let 𝑅𝐸𝐹 and 𝑆 denote the true reference and sensor
frames, defined by the initial reference alignment and the true phys-
ical sensor attachment, respectively. Consequently, the transforma-
tions𝑊 𝑅𝑅𝐸𝐹 and 𝑆𝑅𝑉 remain static.

To account for time-varying effects (i.e., measurement errors), we
model the IMU measurements as occurring in time-varying coordi-
nate frames. Let 𝑅𝐸𝐹 ′ and 𝑆 ′ denote the drifting frames representing
the instantaneous coordinate systems actually used by the sensor
hardware.
The drifting measurement chain is given by:

𝑊 𝑅𝑉 (𝑡) =𝑊 𝑅𝑅𝐸𝐹 · 𝑅𝐸𝐹𝑅𝑅𝐸𝐹 ′ (𝑡) · 𝑅𝐸𝐹 ′𝑅𝑆 ′ (𝑡) · 𝑆 ′𝑅𝑆 (𝑡) · 𝑆𝑅𝑉 (13)

Here, the terms are defined as follows:
• 𝑅𝐸𝐹 ′𝑅𝑆 ′ (𝑡): The raw, time-varying orientation measurement
provided by the IMU.
• 𝑅𝐸𝐹𝑅𝑅𝐸𝐹 ′ (𝑡): The drift of the sensor’s internal reference frame
(e.g., "North" drifting away from true North).
• 𝑆 ′𝑅𝑆 (𝑡): The physical displacement or slippage of the sensor
relative to its initial calibrated mounting orientation.
• 𝑊 𝑅𝑅𝐸𝐹 and 𝑆𝑅𝑉 : The static base calibration parameters recov-
ered by our method.

This formulation generalizes the problem. By solving for the
time-varying correction matrices 𝑅𝐸𝐹𝑅𝑅𝐸𝐹 ′ (𝑡) and 𝑆 ′𝑅𝑆 (𝑡), our static
model converts into a dynamic one. This aligns with the approach

Table 6. Downstream sparse inertial mocap accuracy (SMPL joint-angle
error, in degrees) when running PIP with different calibration methods.
All experiments use the standard 6-IMU configuration and pretrained PIP
weights.

Dataset GT-Calib VAIC-20s T-Pose N-Pose→T-Pose T-Pose+Walk

TotalCapture 12.46 15.47 17.72 – –
DSVAIC 20.94 21.57 31.83 22.90 26.46

Table 7. VAIC calibrates with lower angle error than T-Pose. In this setting,
we assume IMU positions to be known. SMPL GT indicates the maximal
feasible calibration results by replacing the camera-generated SMPL with
GT SMPL. Metrics are reported as mean ± standard deviation. All 13 IMUs
with known positions are evaluated on TotalCapture.

Experiment Seq. AE𝑊 𝑅𝑉 (◦) AE 𝑉𝑅𝑆 (◦) AE𝑊 𝑅𝑅𝐸𝐹 (◦)

VAIC 10 s 15.3 ± 5.8 14.0 ± 7.3 11.4 ± 6.3
VAIC 20 s 14.5 ± 5.5 13.7 ± 7.6 10.3 ± 6.3
VAIC 30 s 14.4 ± 5.2 13.8 ± 7.0 9.5 ± 5.1
T-Pose - 16.3 ± 9.4 18.5 ± 10.1 8.6 ± 6.5

VAIC w/ SMPL GT 10s 7.9 ± 3.7 10.0 ± 5.9 6.5 ± 5.0

taken by Zuo et al. in TIC [Zuo et al. 2025], where the authors esti-
mate these drift components (denoted as 𝑅𝐺 ′𝐺 and 𝑅𝐵𝑆 respectively)
by assuming they remain negligible within short time windows
while varying over long sequences.

E Ethics
The 𝐷𝑆𝑉𝐴𝐼𝐶 collection and user study followed our institution’s eth-
ical guidelines: all participants were volunteers, provided informed
consent, could withdraw at any time, and were compensated.

F Experimental Results

F.1 Downstream Sparse Inertial Mocap Accuracy
To evaluate whether VAIC improves downstream sparse inertial mo-
tion capture, we run PIP [Yi et al. 2022] using calibrations obtained
from each method, following the standard 6-IMU setup and proto-
col used in PIP. We use the publicly released pretrained weights
of PIP without any retraining or adaptation, and only change the
IMU-to-body calibration. All methods calibrate with respect to the
vertex frame.

We report SMPL joint-angle error using the standard evaluation
protocol defined in PIP in Table 6.
VAIC reduces downstream pose estimation error compared to

traditional calibration. On TotalCapture, the angle error improves
from 17.72◦ (T-Pose) to 15.47◦ (VAIC-20s). On 𝐷𝑆𝑉𝐴𝐼𝐶 , VAIC-20s
achieves 21.57◦, nearly matching ground-truth calibration (20.94◦),
and outperforming all traditional procedures (31.83◦ for T-Pose,
22.90◦ for N-Pose-T-Pose, and 26.46◦ for T-Pose+Walk). This demon-
strates that VAIC’s calibration gains translate directly into better
sparse inertial mocap performance, not only improved calibration
metrics.

F.2 Error Distribution
VAIC consistently outperforms all baselines in terms of mean cali-
bration error. Notably, its median error is even lower, reaching 13.8°

SA Conference Papers ’26, December 01–04, 2026, Kuala Lumpur, Malaysia.



d • Hollidt and Holz

when IMU positions are known, highlighting strong performance in
the vast majority of cases. The difference between mean and median
reflects a small number of challenging outliers, resulting in a long-
tailed error distribution (Fig. 5). These rare cases primarily occur
in static and highly symmetric calibration sequences. Overall, this
demonstrates that VAIC delivers highly accurate calibration results
across most calibration settings. The same trend is observed for all
reported error metrics (Figs. 6, 7, and 8). In most sequences, IMUs
are localized correctly on the body; the few remaining ambiguities
typically involve neighboring body parts (Fig. 9).
Errors are generally higher for wrist-mounted IMUs. Wrists ex-

hibit fast motion and a large rotational range of motion, making
monocular mesh reconstruction and inertial measurements more
susceptible to noise and estimation errors. These inaccuracies can
introduce outlier correspondences that hinder convergence toward
the correct calibration parameters. Future work could improve ro-
bustness through RANSAC-style optimization.

Fig. 5. Histograms of VAIC’s𝑊 𝑅𝑉 calibration angle errors on 30s calibration
with fixed IMU placements.
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Fig. 7. Histograms of VAIC’s𝑊 𝑅𝑅𝐸𝐹 calibration angle errors on 30s calibra-
tion with fixed IMU placements.

Fig. 8. Histograms of VAIC’s IMU localization errors on 20s calibration with
arbitrary IMU placements.

Fig. 6. Histograms of VAIC’s 𝑉 𝑅𝑆 calibration angle errors on 30s calibration
with fixed IMU placements.
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Fig. 9. Assignment of IMUs to bones. VAIC localizes IMUs with 95.9% accuracy. Occasionally, they are placed on neighbouring bones.
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