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Abstract— Recent advancements in visual-inertial motion
capture systems have demonstrated the potential of combining
monocular cameras with sparse inertial measurement units
(IMUs) as cost-effective solutions, which effectively mitigate
occlusion and drift issues inherent in single-modality systems.
However, they are still limited by metric inaccuracies in global
translations stemming from monocular depth ambiguity, and
shape-agnostic local motion estimations that ignore anthropo-
metric variations. We present Stereo-Inertial Poser, a real-time
motion capture system that leverages a single stereo camera
and six IMUs to estimate metric-accurate and shape-aware 3D
human motion. By replacing the monocular RGB with stereo
vision, our system resolves depth ambiguity through calibrated
baseline geometry, enabling direct 3D keypoint extraction and
body shape parameter estimation. IMU data and visual cues
are fused for predicting drift-compensated joint positions and
root movements, while a novel shape-aware fusion module
dynamically harmonizes anthropometry variations with global
translations. Our end-to-end pipeline achieves over 200 FPS
without optimization-based post-processing, enabling real-time
deployment. Quantitative evaluations across various datasets
demonstrate state-of-the-art performance. Qualitative results
show our method produces drift-free global translation under a
long recording time and reduces foot-skating effects. The code,
data, and supplementary materials are available at https://
sites.google.com/view/stereo-inertial-poser.

I. INTRODUCTION

Human motion capture enables many robotic applications
like human-robot interaction, teleoperation, and imitation
learning [4], [5]. Current commercial solutions can be di-
vided into optical-based, IMU-based, and hybrid ones ac-
cording to the modality of sensors. They are precise but
often expensive and confined to controlled environments,
limiting their accessibility for real-world deployment. There-
fore, developing a low-cost and easy-to-use motion capture
system has been an active topic in the research community
for a long time. One straightforward strategy is to reduce
the number of sensors, whether cameras or IMUs. First,
it is possible to estimate human motions from monocular
videos [6]–[8], but they are vulnerable to occlusion, extreme
light conditions, and depth ambiguities. Second, pure inertial
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systems [1], [2], [9] suffer from the drifting issue due to
sensor noise. Third, to avoid the inherent limitations of
single-modality systems, recent hybrid solutions introduce
visual-inertial fusion, combining a single RGB camera with
six sparse IMUs [3], [10]. By decoupling the full human
motion into global translations in the world coordinate and
local motions in the body’s root coordinate, they demonstrate
reduced drifting effects and improved robustness against
occlusion.

However, fundamental limitations still persist in current
visual-inertial fusion systems. First, the predicted translations
from pure 2D images are not metric-accurate, due to the
well-known depth ambiguity problem. Second, the estimated
local motions are not shape-aware. The anthropometry
variations (i.e., the body shape) are ignored, which causes
inconsistency between estimated local motions and global
translations, as illustrated in Figure 1 (b). To address these
challenges, we propose to lift the 2D human pose estimation
to 3D perception by replacing the monocular camera with
a camera of 3D capability. In this paper, we use the stereo
camera, as opposed to RGB-D cameras equipped with active
IR or ToF sensors, for two reasons. First, stereo cameras
can be built on top of plain RGB cameras, making them
potentially more cost-effective and available. Second, we can
make full use of those well-established monocular methods
to make initial 2D predictions and then lift them to 3D
coordinates directly based on the camera model.

In this paper, we propose the Stereo-Inertial Poser, which
estimates metric-accurate and shape-aware human motions
from six sparse IMUs and a single stereo camera. We first
introduce a stereo pose and body shape estimation module,
making initial 3D estimations from the visual modality. From
the detected 3D keypoints and IMU measurements, we then
use state space models to predict the intermediate 3D human
joint positions and body root movements. Finally, a shape-
aware fusion module is used to fuse these intermediate results
and the body shape parameters together, and the refinement
network predicts local human motions and global translations
consistent in metric 3D coordinates. Our inference pipeline
can achieve very high speed (more than 200 FPS) thanks to
the end-to-end design, without the optimization-based post-
processing procedures commonly used in previous works.
Extensive quantitative and qualitative evaluations demon-
strate our method can produce accurate global translation
and reduce the foot-skating effect compared with baseline
methods.

Our main contributions can be summarized as:
(1) The Stereo-Inertial Poser, a metric-accurate human

2026 IEEE International Conference on Robotics and Automation (ICRA 2026)
June 1-5, 2026. Vienna, Austria

979-8-3315-8160-2/26/$31.00 ©2026 IEEE 20987



IMU

Stereo Camera

Global Translation

Global
Translation

Global
Translation

Global
Translation

    Root
Coordinate

Foot
Skating

Foot
SkatingFoot

Skating

World
Coordinate

Local Motions

(a) Problem Statement (b) Shape-Awareness (c) Metric-Accuracy

Ground-Truth Trajectory

r=2m

Fig. 1: (a) Our method estimates full human motion, including the local motions in the body’s root coordinate and the global
translation, with six inexpensive wearable IMUs and a stereo camera. (b) Previous methods in this track usually ignore
the body shape (i.e., β parameters of the SMPL model), which may lead to the foot-skating effect or the incorrect global
translation estimation. (c) Qualitative comparison with previous methods [1]–[3] shows the proposed method can estimate
metric-accurate, drift-free global translation in the world coordinate.

motion capture pipeline with a single stereo camera and six
IMUs. It accurately estimates both local motions and full 3D
trajectories in the metric coordinate system.

(2) The 3D human pose and shape estimation modules.
The pose module lifts pose detections from well-established
monocular methods to metric 3D coordinates. The shape
module optimizes the initial body shape parameters.

(3) A shape-aware visual-inertial fusion module and re-
lated loss functions that enable the correct response to
different body shapes without post-processing optimizations.

II. RELATED WORK

The proposed method falls into the category of human
motion capture by fusing a single camera and sparse IMUs.
It is also closely related to those methods that use either
visual or inertial modality.

A. Single Modal Human Motion Capture

1) Vision-Based Methods: The gold standard for motion
capture has historically been optical systems using reflective
markers, which provide high precision but are confined to
specialized studios [11]. To improve accessibility, research
shifted towards markerless methods, first with multi-camera
setups [12], [13] and more recently to systems using only
a single monocular camera. The advent of deep learning
enabled motion capture from monocular videos. Early meth-
ods trained on large-scale 2D image datasets [14], [15]
predicted 2D or pseudo-3D keypoints in the image coordinate
system [16]–[18]. These methods lacked scale awareness
and 3D spatial reasoning in world coordinates. To infer 3D
structure, researchers integrated parametric body models like
SMPL [19]. Early works optimized SMPL parameters against
2D keypoints using iterative fitting [6], [20] or geometric
constraints [21]. Later, direct regression networks [22]–[24]
realized real-time inference, but they still remained limited
to camera-relative 3D coordinates. While it’s possible to
use structure-from-motion techniques to get the absolute 3D
predictions, it only works with a moving camera, which
is usually head-mounted [25]–[27]. However, there is still

need for finding metric 3D keypoints in world coordinates
with a single fixed camera. This need motivated the use of
cameras with 3D capabilities. While RGB-D cameras are
one option, the domain of 3D pose estimation from point
clouds (i.e., RGB-D images) is less mature than its 2D
counterpart [28], [29]. Stereo cameras, however, present a
powerful alternative. A key advantage of the stereo approach
is that we can directly use those well-established 2D pose
estimators to predict on each image in the stereo pair. The
resulting 2D keypoints can then be triangulated into metric
3D coordinates using the known camera geometry [30]. This
design choice strategically leverages the immense progress
in the 2D domain to build a robust foundation for metric 3D
perception, avoiding the need to develop a new 3D estimator
from scratch.

2) Inertial-Based Methods: Current commercial solutions
use dense IMUs (typically more than 15) to fully determine
the orientations of all human parts and precise kinematics.
The research community focused on reducing the number
of IMUs to make the system less intrusive, more convenient
to set up, and more affordable. Early methods started by
focusing on the local body movements, ignoring the body’s
translation in space. For example, SIP [9] and DIP [31]
proposed to recover human motions from 6 IMUs. This 6-
IMU setting is followed by later works. TransPose [32] is
the first method to predict the body’s global translation in
open space, by utilizing the foot-ground contact hypothesis.
TIP [33] and DynaIP [34] adopt more advanced network
structures to further improve precision. PIP [1], PNP [2], and
GlobalPose [35] progressively integrate advanced physics
priors into the pipeline, making them work in complex set-
tings and produce realistic motions. Despite these advances,
the drifting issue is inherent in inertial systems. Therefore,
it’s necessary to fuse visual and inertial modalities for precise
metric root translation [3].

B. Human Motion Capture with Visual-Inertial Fusion

Fusing multi-view cameras with IMUs for human motion
capture has been studied for a long time [36], [37]. These
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methods require cameras to be mounted in a panoptic-like
way and well-calibrated. Some works use a head-mounted
camera and the underlying SLAM algorithm to capture the
6D pose of the human head [38], [39]. However, fusing a
single, fixed, third-person-view camera with sparse IMUs,
is a different track. In this track, early works [40]–[42]
formulate it as an optimization problem to minimize energy
functions of the visual and inertial signals. In the era of
deep learning, researchers focused on monocular fusion [10],
[43]. A recent work [43] proposes a large-scale dataset
and a baseline method to be available to the public. The
current state-of-the-art method, RobustCap [3], demonstrates
impressive robustness but inherits the fundamental scale
ambiguity of the monocular camera. While they can produce
smooth and plausible trajectories, the absolute scale of the
motion relative to the environment remains unknown. In this
paper, we argue and demonstrate that by introducing the
stereo camera, our system achieves true metric accuracy and
shape-aware motion estimations while maintaining the low-
cost, portable setup that makes hybrid systems attractive.

III. METHOD

A. Overview
Figure 2 shows the overview of the proposed pipeline,

which aims to recover human motion with six wearable
IMUs and one external stereo camera. The setup is in
line with prior works [2], [3], [32], where the IMUs are
mounted on the root joint (i.e., the pelvis) and five leaf joints,
including the head, forearms, and lower legs, while the third-
person view camera is fixed. We can get 3D human keypoint
detections and body shape estimations from the stereo cam-
era (Section III-B). The shape-aware visual-inertial fusion
module fuses the visual detection results along with IMU
signals, and finally predicts local motions represented by the
SMPL model [19] and global translations (Section III-C).

B. 3D Pose and Body Shape Estimation
1) 3D Metric Pose Estimation: As mentioned in previ-

ous sections, a stereo camera, with known intrinsics and
extrinsics, is the practical choice for fully using the well-
established monocular pose estimation methods to obtain the
metric 3D keypoints in the world coordinate.

At each timestamp t, the two synchronized frames from
the left and right cameras, Ft,l and Ft,r are first processed by
the widely-used MediaPipe Pose Landmarker toolbox [44].
Then we get the pose detections, p2d,l, p2d,r, p3d,l, and
p3d,r, respectively, where p2d ∈ R2N are 2D keypoints on
the image plane and p3d ∈ R3N are canonical 3D predictions
relative to the human body’s root coordinate. We use the
layout of N = 17 keypoints, as defined in the widely-
used COCO dataset [14]. Each detected keypoint pi ∈ p
is associated with a scalar ci ∈ [0, 1], representing how
confident the model is, or, in other words, the visibility of
that point. We denote the confidence in vector form as cl
and cr ∈ RN . Then, we can fuse the 3D keypoints estimated
from the left and the right camera by the confidence,

pR = λcp3d,l + (1− λc)p3d,r, (1)

where λc = cl · (cl + cr)
−1. However, the 3D keypoints

pR are relative to the root coordinate of the human body. To
acquire the metric body pose, we need to make full use of
the stereo camera. We suppose the stereo camera setup has a
known baseline distance dbase and shared intrinsics K, with
the world coordinate aligned with the left lens. Then, with
paired 2D keypoints p2d,l and p2d,r, we derive the depth
from each keypoint to the camera plane by

dz = fx
dbase
ddisp

, (2)

where fx ∈ K is the horizontal focal length, ddisp =
|xr − xl| is the disparity for each point pair pl(xl, yl) ∈
p2d,l and pr(xr, yr) ∈ p2d,r. Then we have the following
homogeneous equation

pC = λcdzK
−1p2d,l + (1−λc)

(
dzK

−1p2d,r + tr
)
, (3)

where tr = [dbase, 0, 0]
T translates from the right lens to

the world frame. The resulting 3D keypoints pC in the
world coordinate are fused by the detections according to the
confidence. The corresponding confidence cC can be derived
by averaging cl and cr. Now we have the 3D keypoints pR in
the root coordinate for further estimating the local motions,
and metric 3D keypoints pC in the world coordinate for the
global translation.

2) Body Shape Estimation: Body shape is important for
consistency between the local motions and global transla-
tions. Therefore, we need to estimate each subject’s body
shape by fitting the SMPL model into the subject. We first
ask the subject to stand in front of the camera and keep it in
T-pose, which aligns with the rest pose of SMPL. We then
have the raw point cloud Praw by stereo matching [45], as
well as the 3D skeleton Jraw = pC following the previous
section. The point cloud is then segmented according to
the subject’s bounding box, and further voxel-downsampled
into around 4000 points Pdown for computational efficiency.
Besides, a 6D transformation, denoted by matrix M = [R|t],
should be applied to Pdown and Jraw in order to align
the coordinate between the camera and SMPL. We denote
the transformed point cloud as P , and the transformed
skeleton as J . The body shape estimation is formulated as
the minimization of a composite energy function:

E(β,Φ,M) = λskel Eskel+λcd Ecd+λΦ EΦ+λβ Eβ , (4)

where the body shape parameters β and the body pose
parameters Φ are from the SMPL model. The skeletal
alignment

Eskel =

N∑
i=1

∥∥Ji − Ĵi
∥∥2 (5)

penalizes the distance between observed 3D skeleton J and
fitted joints Ĵ = f(β,Φ), where f(·) is the SMPL forward
kinematics function. The Chamfer distance

Ecd =
1

|P|
∑
p∈P

min
v∈V

∥p− v∥2 + 1

|V |
∑
v∈V

min
p∈P

∥v − p∥2 (6)
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Fig. 2: Our pipeline starts with one stereo camera and six IMUs. From the stereo image pairs, the 3D Pose Module predicts
3D keypoints in the root coordinate pR and the world coordinate pC . The Body Pose Module estimates the body shape
parameters β (Sec. III-B). These initial measurements and predictions are encoded by three separate networks (Sec. III-C)
into initial global translations T , velocities ∆T , and 3D joint positions JIMU , JV IS in the root coordinate. The FusionNet
and RefineNet (Sec. III-C) fuse these intermediate results and further refine them into metric-accurate, shape-aware final
results, including local motions Φ, global translations T , and the auxiliary contact probability q.

describes the distance between the point cloud P and the
SMPL mesh vertices V constructed by Φ and β. The pose
prior EΦ = ∥Φ∥2 and the shape prior Eβ = ∥β∥2 regularize
the pose parameters Φ and shape parameters β towards 0.
We empirically set λskel = 1, λcd = 15, λΦ = 1, and
λβ = 0.01. The energy function is solved by an SGD with
momentum optimizer in a few seconds. In the supplementary,
we visualize the results of four subjects.

C. Shape-Aware Visual-Inertial Fusion

Full human motions in 3D space can be decoupled into
two elements: global translations and local motions. In line
with prior work [3], the global translation is defined as
the translation TCr of the root pelvis joint in the world
coordinate. The local motion is defined as the SMPL joint
pose parameters Φ ∈ R24×3. This section describes estimat-
ing metric-accurate and shape-aware human motions from
IMU measurements and detected 3D keypoints, involving the
initial global translation and local motion estimation, and the
final shape-aware visual-inertial fusion.

1) Initial Global Translation Estimation: We build the
TransNet with the State Space Model (SSM) [46] building
block with MLP layers to learn the inherent temporal-
spatial features in the 3D keypoints and predict the global
translation. The global translation is more directly related to
the keypoints of the head and the body trunk than the limbs.
Therefore, we select a subset of 9 keypoints p′

C from pC as
the network inputs, including the nose, eyes, ears, shoulders,
and hips. To help the networks learn from the high-frequency
signals better, the coordinates are linearly scaled to [0, 1]
and further processed by the positional encoding [47] with
width d = 4. The encoded coordinates and the corresponding
confidence c′C are concatenated as the network inputs x ∈
Rn, where n = 9 × (8 × 3 + 1). The TransNet predicts
the global translation vector in the metric camera coordinate

T ∈ R3 and also the change of translation between two
frames ∆T ∈ R3. We use L2 loss to supervise T ,

LT = ||T − TGT ||22. (7)

We apply a spatial-temporal cycle consistency loss to super-
vise ∆T t,

L∆Tt = ||∆T t − (T t −T t−1)||22 + ||∆T t −∆TGT
t ||22. (8)

Therefore, the final loss for the global pose estimation
network goes LT =

∑
t (LTt

+ L∆Tt
). Please note that

the proposed method does not rely on specific network
structures. We use the SSM mainly because it balances
accuracy and performance well. It’s possible to use other
temporal models like plain RNNs [48], LSTMs [49], and
Transformers [50].

2) Initial Local Motion Estimation: Directly estimating
human motions from two different modalities is a difficult
problem. Therefore, we use two separate networks, the IMU
Encoding Network (IENet) and the Keypoints Encoding
Network (KENet), to first unify these two modalities into the
canonical root joint space, which is defined by the forward
kinematics function from the SMPL model.

a) IMU Encoding Network: We use an SSM to predict
the 3D joint positions from the IMU measurements. The
linear accelerations α ∈ R6×3 and rotations R6×3×3 are
first transformed into the root frame’s coordinate, accord-
ing to the rotation measured by the IMU mounted on
the pelvis. The linear accelerations are again processed by
positional encoding, and the rotations are converted to the 6D
vector representation [51]. These pre-processing techniques
can help the network learn better. Then the accelerations
α̂ ∈ R6×3×8 and rotations R̂ ∈ R6×6 are flattened and
concatenated together into the input vector xt ∈ R180. The
network continuously takes in a sequence of xt and predicts
the 3D joint positions of the SMPL model JIMU ∈ R24×3
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in the canonical root coordinate. We use L2 loss to supervise
the network,

LJIMU
= ||JIMU − JGT ||22. (9)

b) Keypoints Encoding Network: In parallel to the
IENet, another SSM is used to predict 3D joint positions
from the 3D keypoints pR and confidence cC . Given a
camera frame, pR is first normalized into [0, 1] according
to the minimum and maximum values of each axis. The
normalized p̂R and cC are then positional-encoded similarly.
The KENet predicts the 3D joint positions JV IS in the
canonical root coordinate. We use L2 loss to supervise it,

LJV IS
= ||JV IS − JGT ||22. (10)

The KENet is important, since the input 3D keypoints are
defined slightly differently from the output 3D joint posi-
tions. Also, it’s good for adaptability and compatibility. Since
different 3D keypoint estimation models may use different
definitions of keypoints, such a modular design makes it
possible to switch to new state-of-the-art pose estimation
methods easily, avoiding re-training the whole pipeline.

3) Shape-Aware Visual-Inertial Fusion: Now, we can fuse
the intermediate results and raw measurements together using
FusionNet to get our desired output. The inputs include the
canonical joint positions JIMU and JV IS , the confidence
cC , the body shape parameters β, the initial translations
T and ∆T , and the IMU measurements x. We apply
positional encoding on JIMU , JV IS , T , ∆T and x. The
FusionNet is shape-aware, and it predicts the refined global
translation T and ∆T ∈ R3, and joint rotations in axis-angle
representation Φ ∈ R24×3 for local motions. We use the L2

loss LT and the cycle consistency loss L∆T to supervise the
refined global translation, as described in Section III-C.1.
The loss function for supervising Φ is defined as

LΦ = Lrot + λLfk

= ||Φ−ΦGT ||22 + λ||f(Φ,β)− f(ΦGT ,β)||22,
(11)

where λ is a scalar for balancing the weights. f(·) is a
kinematics function that takes in joint rotations and body
shape, and outputs the 3D positions of each joint. We
empirically set λ = 2.5.

Additionally, we design some auxiliary outputs and loss
functions to help train the network. To prevent the foot-
skating effect, we introduce the foot-ground contact vector
q =< ql, qr >∈ [0, 1]2 to indicate if the left or the right foot
stably contacts the ground. The binary cross-entropy loss is
applied to supervise it,

Lfc = −
(
qGT log q +

(
(1− qGT

)
log (1− q)

)
. (12)

Then, we define the foot-skating loss at given timestamp t,

Lfs,t =
∑

j∈{l,r}

qj ||fj(Φt,β)−fj(Φt−1,β)+∆T t||22, (13)

where fj(·) indicates the forward kinematics function that
maps joint rotations and body shape into the 3D position of
a given joint j in the root coordinate, and j indicates the left

or the right foot. It can be intuitively interpreted as, if the foot
contact does not slide with the ground, then its movements
in the root coordinate should exactly reverse the body root’s
movement in the world coordinate. Similarly, we also define
a jerk loss on each joint position at time t to stabilize the
output motion,

Ljk,t =
∑
j

||fj,t − 3fj,t−1 + 3fj,t−2 − fj,t−3||22. (14)

Finally, we add those loss functions together,

L = λΦLΦ+λTLT+λ∆TL∆T+λfcLfc+λfsLfs+λjkLjk.
(15)

We empirically set λΦ = 20, λT = 5, λ∆T = 5, λfc =
0.001, λfs = 100, and λjk = 50.

4) Final Refinement Network: In practice, we find it
helpful to add an extra refinement module, RefineNet, to
refine the coarse results of the fusion module. The refinement
module shares a similar design with previous modules. The
input includes the FusionNet predictions, including local
motions Φ, global translations T , velocities ∆T , and foot-
ground contact probability q, along with the body shape
β. The output and loss function design are the same as
the fusion module. We conduct ablation studies on the
effectiveness of RefineNet in Section IV-C.

IV. EXPERIMENTS

A. Implementation Details

We run the training and evaluation processes on a desktop
computer with an i7-14700 CPU, an RTX 4070 Ti Super
GPU, and 64 GB RAM. We use the ZED 2 stereo camera,
which features 720P resolution, 60 Hz rate, and a 120 degree
diagonal field of view. The wearable IMUs are developed
in-house within our laboratory, featuring high-performance
IMU chips and precise synchronization mechanism. Since
our method does not rely on specific stereo cameras or IMUs,
users can adopt any other commercially-available cameras or
IMUs. For more details, please refer to the supplementary.

1) Datasets: In line with prior work [3], we train our
method on the AMASS dataset [52] and the AIST++
dataset [53], with synthesized keypoints, IMUs, and the
ground truth for foot-ground contact. On AIST++, since it’s
built with multi-view RGB cameras, we use MediaPipe to
generate the detections pR in the root coordinate from each
camera view and synthesize 3D keypoints pC in the world
coordinate by adding a random noise σ = 5cm on the ground
truth value. We follow the body shape parameters provided
by the AMASS dataset. We evaluate our method on the
AIST++ dataset and the TotalCapture dataset [54]. On these
two datasets, for lack of ground truth shape labels, we use
the proposed method (Section III-B.2) to estimate the body
shape for each subject, with manually selected frames where
the subject acts like the T-pose. Also, we ignore the chamfer
distance item by setting λcd = 0 for lack of point clouds.

20991



TABLE I: Quantitative comparison with other methods on the AIST++ and TotalCapture dataset.

AIST++ TotalCapture

Method JPE PVE SIP TE Jerk FS JPE PVE SIP TE Jerk FS

PIP [1] 87.0 116.5 28.1 45.2 1.04 0.91 49.1 66.0 12.9 43.8 0.20 0.43
PNP [2] - - - - - - 47.4 - 10.8 - 0.26 -

GlobalPose [35] - - - - - - 43.1 49.6 - - 0.21 -
HybridCap [10] 33.3 - - - - - - - - - - -
RobustCap [3] 33.1 43.2 9.34 9.91 2.49 0.61 48.7 63.4 13.4 23.5 2.09 1.4

Ours (ideal) 29.8 39.0 8.91 1.13 1.50 0.57 46.5 54.3 10.6 5.42 0.94 0.69
Ours (noise lvl. 5) 30.6 39.8 9.12 4.83 1.95 0.58 47.6 55.8 11.0 8.93 1.39 0.71

Ours (noise lvl. 15) 35.5 46.8 10.1 13.2 2.45 0.63 51.1 60.1 11.4 15.8 1.92 0.79
Ours (syn. stereo) 31.7 43.1 9.89 7.76 1.74 0.60 49.0 57.1 10.9 9.41 1.73 0.72

RobustCap3D (ideal) 33.0 43.2 9.27 6.97 2.34 0.57 48.0 60.8 12.0 14.1 1.35 0.71
RobustCap3D (noise lvl. 5) 35.6 43.4 9.35 7.58 2.74 0.60 49.1 61.6 12.5 16.4 1.46 0.75
RobustCap3D (noise lvl. 15) 38.1 48.9 10.6 16.8 4.00 0.75 52.9 66.5 13.3 21.9 2.01 0.99
RobustCap3D (syn. stereo) 36.0 46.1 11.8 9.91 3.31 0.60 50.8 63.2 12.9 16.9 1.68 0.81

TABLE II: Ablation studies on the AIST++ dataset.

Method MPJPE PVE SIP TE Jerk FS

Ours 29.8 39.0 8.91 1.13 1.50 0.57
- cano. space 30.3 39.7 8.91 1.13 1.58 0.57
- shape-aware 31.1 40.8 8.81 1.26 1.57 0.64
- pos. encoding 29.9 39.1 8.82 1.60 1.65 0.60
- RefineNet 31.5 41.4 8.90 1.36 2.15 0.63
- jerk loss 30.2 39.9 8.80 1.49 4.56 0.79
- cycle loss 29.7 39.0 9.09 1.38 1.53 0.58
- foot skt. loss 30.4 39.8 8.91 2.84 1.65 0.66

2) Metrics: We evaluate our method on 6 metrics. Joint
Position Error (JPE) measures the mean Euclidean distance
error of all joints in the root coordinate in mm. PVE
measures the per-vertex error in mm. SIP Error measures the
mean global rotation error of hips and shoulders in degrees.
Translation Error (TE) measures the absolute translational
error between predicted root joint and the ground truth, in
cm. Jerk Error measures the averaged jerk (i.e., the first time
derivative of acceleration) in km/s3. Foot-Skating Error (FS)
measures the averaged predicted foot movements in mm in
the global space, when ground truth foot movement equals
zero (i.e., when ql or qr = 1). All metrics follow the less is
better principle. The first three metrics measure the accuracy
of local motions, while the latter three metrics are more
related to global translations.

B. Evaluations

Quantitative Results. We compare our method with the
SOTA visual-inertial fusion methods HybridCap [10] and
RobustCap [3], and SOTA inertial-only methods PIP [1],
PNP [2], and GlobalPose [35]. For fair comparison, we
enhance and retrain RobustCap by replacing its 2D keypoints
inputs with 3D keypoints, denoted by RobustCap3D, which
should improve its global translation estimation.

The quantitative results are shown in Table I. Please note
that some numbers are missing because they are not reported
by the original authors. During the evaluation, we adopt
two different ways to synthesize 3D keypoints pC , including

adding random gaussian noises to the ground-truth 3D key-
points, and building a synthetic, virtual stereo camera. We
add random noises with three different levels σ = 0 (denoted
as ideal), 5 and 15 cm. Please note that the rated depth
accuracy of common RGB-D cameras are usually around
several millimeters to centimeters. The synthetic stereo cam-
era, denoted as syn. stereo, is built by pairing adjacent RGB
cameras from the dataset to simulate stereo geometry for
detecting 3D keypoints pC . Our method shows significant
improvements in TE over baseline methods, except under the
impractical 15 cm noise, which is way beyond typical depth
noise ranges (i.e., less than 10 centimeters). On the AIST++
dataset with aggressive dance motions (e.g. jumps, rolls), our
method achieves SOTA performance across most metrics, at-
tributed to the shape-aware fusion module that fully exploits
metric-accurate 3D keypoints. Notably, RobustCap3D fails
to exploit 3D keypoint advantages even with ideal inputs, as
evidenced by its suboptimal TE. On TotalCapture, visual-
inertial fusion methods underperform recent inertial-only
baselines due to limited translational movements and some
out-of-view frames with severe occlusion. Nevertheless, our
method outperforms all existing fusion approaches. Finally,
while recent inertial methods exhibit strong Jerk and FS
metrics through physics-based post-optimization, their body
shape-agnostic design may limit translational accuracy as
illustrated in Figure 1 but related metrics are not reported
by the authors.

In terms of inference speed, in offline evaluation, our
method runs at more than 200 FPS, thanks to the end-to-
end structure without the need of post-processing. In the
supplementary video, we also demonstrate online evaluations
where our method is running in real time, synchronized with
the camera at 60 FPS by the timestamps.

Qualitative Results. We conduct extensive real-world
experiments to evaluate our method against the baselines.
The evaluations took place in a 6m × 6m motion capture
field to assess long-term drift and accuracy of local motions.
In a key experiment, a subject walked along a circular path
with radius of 2 meters for 10 laps. PIP and PNP exhibit
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severe drift, especially during dynamic motions like jumping.
RobustCap remains drift-free but produces a geometrically
distorted trajectory, a consequence of monocular scale ambi-
guity. Our method produces both a drift-free and a metrically
accurate trajectory, correctly recovering the circular path’s
scale and shape. For more detailed comparisons and the live
demo, please refer to the supplementary video.

C. Ablation Studies

We perform ablation studies on the AIST++ dataset with
ideal pC . Table II shows the results of our ablation studies,
where we quantify the contribution of each individual com-
ponent in our pipeline. We first examine the design of the
canonical root space for intermediate representations. Specif-
ically, we do not normalize the 3D keypoints per frame as the
KENet inputs, and make the KENet and IENet predict joint
positions in the metric coordinate. The dropped performance
in local motions could be attributed to different body shapes
inherent in keypoints and joint positions which confuse the
neural networks. Next, we examine the shape-aware fusion
module. By setting the input β = 0 as the input during
the training and the inference process, the fusion module is
then unaware of the body shape. The resulting performance
degradation in all metrics demonstrates the importance of
shape-awareness for motion capture. Then, we remove the
positional encoding process and witness a rise in translation
error and jerk, indicating the resulted networks fail to learn
stably and thus proving the effectiveness of the positional
encoding. After that, we test the performance without the
RefineNet by directly evaluating the initial outputs of the
fusion module. The performance degradations in both local
motions and global translations prove the refine module can
bridge the gap between the local and the world coordinate.
Finally, we check the effectiveness of the loss function
design, including the jerk loss, the foot-skating loss and
the cycle consistency loss , which suggests we can resolve
the global translation v.s. local motions (e.g. foot-skating)
dilemma illustrated in Figure 1 (b) by introducing correct
shape-awareness and proper supervision.

D. Limitations

In our pipeline, despite the IMUs supporting up to 400 Hz
sampling rate, our system synchronizes them with the camera
at 60 FPS. Future work could decouple the temporal visual-
inertial fusion in an asynchronous manner to fully exploit the
high-frequency inertial measurements for transient motion
estimation. Second, our shape-aware fusion is the initial
step towards improving anthropometric modeling in this
track through implicit neural networks. Future work could
focus on making comprehensive use of the body shape,
including bone-length and soft-tissue variations (e.g. body fat
or muscle mass). Third, akin to many existing approaches,
we utilize IMU acceleration and orientation but under-utilize
gyroscope data, which could be further utilized with physics-
based constraints. Finally, the current stereo camera setup
imposes limits on the workspace area and may be sensitive
to poor lighting conditions.

V. CONCLUSION

We presented Stereo-Inertial Poser, a real-time motion
capture system that integrates a stereo camera with six IMUs.
Our method resolves depth ambiguity through calibrated
stereo geometry while compensating for inertial drift via
state-space fusion. The novel shape-aware fusion module
ensures anthropometric consistency between global transla-
tions and local motions. Experiments demonstrate our system
achieves significant improvements in global translation ac-
curacy and reduced foot-skating artifacts compared to state-
of-the-art baselines. With real-time inference performance,
our approach is practical for applications in robotics. Our
work bridges the gap between cost-effective hardware and
professional-grade motion fidelity, advancing democratized
tools for human motion capture and human-robot interaction.
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