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Abstract—Real-time motion capture stands as a pivotal enabler for human-centric applications, such as AR interactions, VR
live-streaming, and immersive gaming. Deploying motion capture models on edge/cloud server to provide scalable services is
emerging as a promising trend. However, due to the computational burden of model inference and the inevitable network transmission
delays, mainstream DNN-based systems struggle to deliver real-time motion capture services. In this paper, we propose edgeMoCap,
the first edge-assisted real-time DNN-based motion capture system. At the heart of edgeMoCap is a motion capture-tracking
architecture optimized for edge-client heterogeneous computing capabilities. We dig into the spatio-temporal correlation between
human motions and body-attached markers to: (i) distill a lightweight tracker for real-time motion tracking on client devices, and (ii)
efficiently partition functional modules and schedule motion data. Together, these efforts establish a parallel capture-tracking
architecture that enhances edge-client collaboration, ensuring accurate and real-time motion capture. We fully implement edgeMoCap
on devices with varying computational resources and network conditions, conducting extensive experiments with diverse users and
motions. The results show that edgeMoCap achieves an average latency of 6ms and an accuracy of 3.8cm, outperforming comparative
methods by 70%. Code and data will be made publicly available before publication.

Index Terms—Edge computing; Motion capture; Motion tracking; Real-time applications

✦

1 INTRODUCTION

R ECENT advancements have positioned real-time motion
capture as a critical technology for high-value appli-

cations such as virtual interactions and live streaming [1],
[2], [3]. Optical-based motion capture, recognized as the
industry standard, stands out for its precision and efficiency
in recording detailed, coordinated motions [4], [5], [6]. This
technology typically employs multi-view infrared cameras
to track 3D markers attached to the human body, allowing
for accurate reconstruction of skeletal motion [7].

Generally, real-time motion capture systems aim to com-
pute and relay human motion information with impercep-
tible delay, ideally less than 35 milliseconds [8]. Within
those optical-based systems, the most computationally in-
tensive task lies in the reconstruction of skeletal motion
from markers. Current reconstruction practices fall into two
primary categories: (i) evidence-driven method [9], [10], [11],
[12], [13], based on empirical rules of human kinetics [14],
and (ii) data-driven method [7], [15], utilizes deep neural
network (DNN) to learn complex priors of human motion
from data [16] . Compared to the explicit rules of the former,
DNN-based methods offers robustness in handling with
challenging motion, and has been proven to be the most
promising solution [2], [15].

With the rapid advancement of edge computing re-
sources [17], [18], [19], deploying motion capture systems
on edge devices to provide scalable, low-cost motion cap-
ture services has become feasible [20], [21], [22]. However,
our three-month field study reveals that deploying existing
DNN-based systems at the edge to provide motion capture
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Fig. 1: Motion capture architecture comparison: (a) Motion
capture system that fully deploy models at the edge suf-
fer from both model inference latency (i.e., >100ms) and
synchronization latency (i.e., >40ms), resulting in delayed
motion feedback on the client. (b) The edge-assisted motion
capture architecture employed by edgeMoCap utilizes a
motion tracker distilled from the motion capture model,
allowing the client to track skeletal motions directly from
marker locations in real-time (i.e., 6ms). The upgraded
modules of edgeMoCap are highlighted in green.

services encounters two major challenges that impact real-
time performance, as shown in Fig. 1-(a).
• Significant computational overhead. To accommodate the
complex motion priors of the human body, current practices
typically involve models with a large number of parameters
(e.g., >350MB [15]). Consequently, even on edge devices
with advanced computational capabilities (e.g., GeForce
RTX 3090 Ti), the latency for a single inference typically
exceeds 100ms.
• Inevitable transmission latency. The uploading of marker
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data and the downloading of motion results inevitably
suffer from network delay and fluctuations (e.g., overall
transmission latency >40ms), which compromise the real-
time motion response at client and may introduce continu-
ous ghosting effects in downstream tasks [23], [24], [25].

As the edge-client collaboration paradigm evolves [26],
[27], [28], [29], we identify an opportunity to leverage the
accurate motion capture results from edge, coupled with
the rapid feedback capabilities of client, to overcome above
challenges and achieve real-time motion capture. Key In-
sight: The human skeleton is composed of numerous joints,
each strongly correlated with spatially adjacent markers.
This correlation enables us to track skeletal motion from
specific joint poses with their subsequent updated marker
locations.

Our Work: Motivated by this opportunity, we design
and implement edgeMoCap, an edge-assisted real-time
Motion Capture system. As illustrated in Fig. 1-(b), through
leveraging joint-marker correlation, edgeMoCap capitalizes
on low-frequency skeletal motion captured by DNNs at the
edge, allowing lightweight client to accurately track high-
frequency motion updates in real time.

Realizing the capture-tracking based edge-client collab-
orative architecture to boost edgeMoCap’s accuracy and
efficiency, poses several challenges that are addressed in this
work: (i) how to design a lightweight motion tracker that
models the spatial-temporal relationships between markers
and joints; (ii) how to generalize the joint-marker correla-
tion across different types of user body shape; (iii) how to
promptly identify and synchronize critical motion capture
results to maintain subsequent motion tracking. Overall,
edgeMoCap excels across three layers:

• On the Client layer, we design a Joint-Marker Correlation-
driven Motion Tracking module. By exploring the local
spatial correlation between marker locations and joint
motion, we employ two sequential trackers to sepa-
rately track the locations of markers and the poses of
joints. This simple yet effective design enables edgeMo-
Cap to track skeletal motion in real time on lightweight
client devices.

• On the Edge layer, we introduce Online Learning-based
Tracker Generalization to enhance the motion tracker’s
adaptability across users of various body shapes. edge-
MoCap is capable of promptly distilling explicit joint-
marker correlation from data-driven implicit model
during the continuous motion capture process, allow-
ing for the real-time updating of tracker on the client.

• On the Schedule layer, we implement an Event-
responsive Motion Synchronization strategy. edgeMoCap
swiftly identifies two types of marker-related events on
the client that affect accurate motion tracking (i.e., the
occlusion and de-occlusion of markers). In response, the
edge performs timely motion re-captures and tracker
updates to ensure consistent tracking performance.

We have fully implemented edgeMoCap on a variety
of edge and client devices with different computational
and network conditions. Our comprehensive experiments
involved 6 users with various body shapes to perform
36 distinct motions, collecting 90 sequences of combined
motions with 114,086 frames. We compared the performance
of edgeMoCap with two state-of-the-art (SOTA) data-driven
motion capture system (MoCap-Solver [15] and Mosh++
[16]). The results demonstrate that edgeMoCap consistently

Fig. 2: edgeMoCap Overview

achieves an end-to-end latency of < 6ms across different
scenarios, with a real-time accuracy exceeding comparative
methods by > 70%.

In summary, this paper makes the following contribu-
tions.
(1) We propose edgeMoCap, as far as we are aware of,
the first edge-assisted real-time DNN-based motion capture
system. edgeMoCap promotes the practical deployment of
cost-effective, scalable motion capture services.
(2) We reveal the correlation between skeletal motion and
marker locations, and from this insight, we derive a gen-
eralizable explicit motion tracker from data-driven implicit
model, to enable light-weight client to infer motion in real
time.
(3) We implement edgeMoCap under varying computa-
tional and network conditions. The evaluation results high-
light the efficacy of our proposed design. We will open-
source edgeMoCap, offering useful tools for academia and
industry to fast prototype real-time motion capture systems.

The rest of this paper is organized as follows. We
first present the overview of edgeMoCap’s edge-assisted
architecture in §2, followed by detailed descriptions of the
function modules and synchronization strategy in §3. The
implementation and evaluation are presented in §4. We
discuss the related work in §5 and conclude edgeMoCap
in §6.

2 SYSTEM OVERVIEW

We first briefly introduce the existing motion capture sys-
tem. Then, we detail the edge-assisted architecture adopted
by edgeMoCap.

2.1 Existing Motion Capture System
Recovering human skeleton from imperfect motion capture
data generally involves two steps. The first step is marker
data cleaning and classification, known as Markers Labeling.
The second step is solving for the human skeleton from the
labeled marker data, referred to as Joints Solving.
Markers Labeling. In motion capture systems, the output
from infrared cameras typically consists of incomplete 3D
points. The process of associating these 3D points with the
markers on the captured object is called marker labeling
[30]. During the marker labeling process, outlier points
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captured by the cameras can also be cleaned up as they
cannot be assigned to any corresponding labels.
Joints Solving. Regressing the translations and rotations
of human joints from the labeled markers is called joints
solving [15]. One of the common approach is encoding input
markers into embedding space and decoding skeletons from
embedding space.

2.2 edgeMoCap Overview
edgeMoCap achieves real-time motion tracking on the client
side using a lightweight Motion Tracker that built upon low-
frequency skeletal motions. This edge-capture and client-
tracking decoupled architecture , as illustrated in Fig. 1-
(b), circumvents (i) the inference delay of DNN models on
the edge side, and (ii) the transmission latency of motion
information over the network.

The overview of edgeMoCap is outlined in Fig. 2. From a
top perspective, edgeMoCap adheres to the system abstrac-
tion similar to existing edge-client collaboration paradigm,
encompassing the client, edge, and schedule layers. We
explore the specific workflow within this edge-assisted mo-
tion capture architecture and outline the innovative func-
tional modules designed to enhance the system’s capabili-
ties across all three layers.
On the Client layer, corresponding to the existing two
steps of motion capture, edgeMoCap employs a Joint-Marker
Correlation-driven Motion Tracking module (3.1) that includes
both a Marker Tracker and a Joint Tracker. The former tracks
preprocessed marker data and assigns labels to the markers.
The latter tracks joint motions based on the location changes
of markers.
On the Edge layer, a general DNN-based motion capture
model is running continuously. This model can batch output
marker labels and reconstructed human pose. Moreover,
to improve the generalization of edgeMoCap, local tracker
can be adaptively updated by Online Learning-based Tracker
Generalization (3.2). This module fine-tunes a neural network
using the currently collected data in an online learning
manner, which ensures that the learned results can adapt
to the body shape of human in motion.
On the Schedule layer an Event-responsive Motion Synchro-
nization (3.3) strategy is specially designed for handling
changes in the number of markers caused by marker oc-
clusion. When the number of markers decreases due to
occlusion, Scheduler update Joint Tracker with the results
from the edge side to quickly adapt to the latest marker
distributions. When the number of markers increases as
they reappear after occlusion, scheduler synchronizes both
Marker Tracker and joint tracker with edge to rapidly utilize
all markers information.

3 MODULES DESIGN OF EDGEMOCAP
3.1 Joint-Marker Correlation-driven Motion Tracking
A simple and effective tracker design is key to achieving low
end-to-end latency in real-time motion capture. The process
begins with the input of raw marker locations, and finishes
with the reconstruction of human skeleton required by the
rendering module. The whole process comprises three main
steps.

The first step is a simple denoising process to remove
outliers from the input MoCap data. The second step in-
volves identifying the labels of markers, that is, the corre-
sponding positions of human body parts. The third step uses

Fig. 3: The process of marker tracking. The marker on the
shoulder, which maintain relatively stable locations, consis-
tently show correct labeling results. In contrast, the marker
on the hand, subject to vigorous movements, encounter a
label mismatch at frame Fk−2. Despite this, our label voting
strategy ensures that subsequent tracking of this marker is
not compromised. Markers with the same ID are connected
by dashed lines, and different colors are used to indicate
each marker’s label.

the locations and labels of markers to calculate the locations
and rotations of human joints. For the latter two steps, we
have respectively designed the Marker Tracker and the Joint
Tracker.

3.1.1 Marker Tracker
In the process of human motion capture, calibrated infrared
cameras output the world coordinates of marker locations in
three-dimensional space. Based on the knowledge of human
kinematics, local devices can predict the potential locations
of markers in the next frame and track their movement
accordingly. The same marker identified across different
frames is assigned the same marker ID. Thus, it can be
inferred that the label of a marker with the same ID should
be consistent across different frames.

As illustrated in Fig. 3, to obtain the label of the marker
with ID Id in frame Fk, Marker Tracker refers to the labels
in historical frames. Considering that the edge model may
incorrectly recognize marker labels in complex movements,
the labels of markers with ID Id in historical frames may not
all be correct. To achieve relatively accurate recognition re-
sults, Marker Tracker initiates a polling in historical frames,
where markers with the same ID undergo label voting.

xd = argmaxx∈Ad

(
nd∑
i=1

1(adi = x)

)
. (1)

As shown above, Ad = {ad1, ad2, . . . , adnd
} denotes all

labels of markers with ID Id in historical frames. nd is
the number of historical frames referenced, and 1 is the
indicator function, which is equal to 1 only if adi = x. The
equation (1) indicates finding xd as the label that appears
most frequently in Ad, to be used as the label in current
frame. Thus, it completes label tracking for the marker with
ID Id, and this rule will be applied to all markers.

3.1.2 Joint Tracker
Under high sampling rates (e.g., 60 fps or 120 fps), the
inter-frame variation of human joint poses can be regarded

This article has been accepted for publication in IEEE Transactions on Mobile Computing. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/TMC.2026.3656822

© 2026 IEEE. All rights reserved, including rights for text and data mining and training of artificial intelligence and similar technologies. Personal use is permitted,

but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.

Authorized licensed use limited to: Tsinghua University. Downloaded on April 27,2026 at 09:25:26 UTC from IEEE Xplore.  Restrictions apply. 



4

as a small-step motion that satisfies the local rigid-body
assumption. For a single rigid bone segment with a joint
as reference, let the neighboring visible markers be tmi(t) ∈
R3, i = 1, 2...M . In the local coordinate system of the joint,
the vector from the joint to marker i is ri. For frame Fk, the
global pose of the joint is (Rk

j , t
k
j ). The ideal rigid model is

tkmi = Rk
j ri + tkj . (2)

At high frame rates, the inter-frame motion is a small
rotation and a small translation:

Rk
j = Rk−1

j exp([δω]×) ≈ Rk−1
j (I + [δω]×), (3)

tkj = tk−1
j + δτ, (4)

where δω ∈ R3 is the infinitesimal rotation, and [·]× denotes
the cross-product matrix. δτ is the translation increment.

Subtracting two consecutive frames yields the linearized
marker displacement:

∆tmi := tkmi − tk−1
mi ≈ δτ + [δω]×ri. (5)

Eq.5 is the standard first-order model of rigid-body motion:
each displacement of marker equals a common translation
plus a tangential shift induced by the rotation about the
joint, which immediately yields two estimators.

The rotation term varies with ri, whereas the translation
δτ is identical for all adjacent markers. Therefore, taking a
weighted average of ∆tmi yields the common translation
component.

δ̂τ =

∑
i wi∆tmi∑

i wi
= W k

t ∗∆tm. (6)

By fitting a bias term tb to compensate for the deviation
introduced after removing each rotational component, the
offset of the current joint can be expressed as:

tkj = W k
t ∗∆tm + tk−1

j + tb. (7)

Given direction uk
i = Rk

j ri/∥ri∥, we can derive the
following expression based on the above formulations:

(uk
i − uk−1

i ) +
tb

∥ri∥
= −[uk

i ]× δωk. (8)

Denoting the left-hand side of the above equation as ∆Rk
m,

it can be obtained through the rotation of the joint-marker
vector. By performing linear regression over all vectors, the
small rotation increment can be estimated as:

δ̂ω
k

j = W k
R ∆R k

m. (9)

The rotation of joint can thus be expressed as:

Rk
j = exp

(
[δ̂ω

k

j ]×
)
Rk−1

j . (10)

To capture the relationship between joints and markers
in the above formulation, we design two neural networks
to estimate the weights and biases (3.2). These networks are
trained to learn the motion patterns between neighboring
joints and markers from large-scale data.

To intuitively illustrate the motion transformation, we
visualize two representative frames in Fig. 4 and interpret
their correlation based on the above formulations. The el-
bow joint state at frame F k is computed based on the trans-
formation of its previous state at frame F k−1. Between these
two frames, the joint motion T k consists of both translation

Fig. 4: Joint-marker correlation. The case illustrates the
pose changes of the elbow joint with its associated markers
during a lifting motion. The joint-marker correlation is rep-
resented by a dashed line. Darker markers represent higher
weights in the correlation.

and rotation. The observable information originates from
the positional variations of the markers adjacent to the el-
bow joint. By learning two types of joint-marker association
weights, W k

t corresponding to translational movement and
W k

R corresponding to rotational movement, the system can
rapidly infer the joint state (tkj and Rk

j ) from the observed
marker dynamics.

Additionally, to address the occlusion scenarios, Joint
Tracker rebalances the weights of unobscured markers for
each joint. This is achieved by reallocating the weights of
the occluded markers as negative values, proportional to
the weight ratios of the remaining visible markers. This
weight adjustment is capable of controlling the error within
a reasonable range in a short period of time.

3.2 Online Learning-based Tracker Generalization

To fully leverage the advantages of data-driven methods
learning for prior knowledge of human motions, we de-
sign a weight learner and complete its pre-training. The
weight parameters of this learner, Wt and WR, are pre-
loaded in Joint Tracker. Following the concept of knowl-
edge distillation from model compression, these two sets of
weight parameters will undergo online learning and would
be adaptively transmitted to Joint Tracker during system
operation.

To accommodate local devices with varying computing
capabilities and to allow for rapid iterative fine-tuning, we
use a single fully connected layer as the primary model.
As shown in Fig. 5, the model used for translation calcula-
tions takes the translation of markers between two adjacent
frames as input, and it outputs the translation of joints. The
model used for rotation calculations receives the rotational
changes of vectors, formed by markers and joints between
two adjacent frames, and it outputs the rotational changes
of joints.

3.2.1 Translation Network

Mk−1 and Mk represent the three-dimensional locations
of markers in frames k-1 and k, respectively. Also, the
displacement of markers’ positions between the two frames
is calculated and denoted as ∆tm. The output of trans-
lation network is the location displacement of the joints
from frame k-1 to frame k. By inputting the known three-
dimensional location of the joints at frame k-1, denoted as
tk−1
j , the joint location in frame k, tkj , can be obtained.

To enhance the robustness of network and to improve the
smoothness of the generated results, we input a sequence of
ten consecutive frames (Nf ) to the network, and tk−1

j for the
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(a) Translation Learner

(b) Rotation Learner

Fig. 5: Online learning-based tracker generalization. We
utilize two fully connected neural networks to model the
linear relationships between changes in marker locations
and joint pose transformations. (a) The translation learner
receives marker translations as inputs and predicts skeletal
translations as outputs. (b) The rotation learner processes
the rotation of vectors between joints and markers, deliver-
ing predicted skeletal rotations. Both networks are trained
using supervision signals sourced from the motion cap-
ture model’s outputs. The translation and rotation weights,
distilled in real-time, are employed to update the motion
tracker.

last nine frames are the generated results. The designed loss
is as follows:

Lt =

Nf∑
i

nj∑
j

φ(t̂ij , t
i
j), (11)

where nj denotes the number of joints, and φ(t̂ij , t
i
j) rep-

resents the Euclidean distance between the joint locations
generated by the network and the actual joint locations. By
optimizing network parameters through continuous train-
ing iteration, the translation network can learn the best way
to express joints translation using marker movements.

3.2.2 Rotation Network

The rotation changes of a single joint are actually related to
some nearby markers. We have established a list of nearby
relevant markers for each joint, and we design a rotation
network to explore how the location changes of these nearby
markers reflect the rotation changes of a specific joint.

As the Fig. 5 shown, using the three-dimensional loca-
tions of markers m in the nearby list of joint j, and the
locations of joint j in frame k-1 and frame k, vectors V k−1

mj

and V k
mj can be calculated from joint j pointing to markers

m respectively. Quaternion ∆Rmj which represents the
rotation of vectors formed by the joint-markers from frame
k-1 to frame k, then can be estimated. The specific approach
is: (i) Calculating the angle θ between the two paired vectors
in adjacent frames and determining the rotation axis n.
(ii) Obtaining the rotation between the two vectors and
expressing the rotation as a quaternion. The formula is:

∆Rmj = cos

(
θ

2

)
+ sin

(
θ

2

)
(nxi+ nyj + nzk), (12)

where nx, ny, nz are the coordinate components of the vec-
tor n, and i, j, k are the imaginary unit components of the
quaternion ∆Rm.

The rotation quaternions constructed from different
paired vectors serve as inputs to the network, and its output
is the quaternion representation ∆Rj , which is the joints’
rotation between two adjacent frames. Combining ∆Rj with
the known joint Pose Rk−1

j from frame k-1, the relative
rotation of joints Rk

j comparing to their initial state can be
calculated for frame k.

Similar to the design of translation network, the input
to rotation network includes ten consecutive frames (Nf ),
and Rk−1

j for the last nine frames are computed using
generated results. To align with the edge model’s output
format for rotations, the quaternion is reconstructed as a
rotation matrix.

The loss is designed as the angular error between two
rotation matrices, expressed by the following formula:

LR =

Nf∑
i

nj∑
j

cos−1

(
tr(R̂i

jR
iT
j )− 1

2

)
, (13)

where nj denotes the number of joints. R̂i
j denotes the

rotation matrix output by the network for the j-th joint in
the i-th frame, and RiT

j represents the transpose of the actual
rotation matrix for the j-th joint in the i-th frame.

3.2.3 Adaptive Update of Weights
The single fully connected layer has limited capacity. It
is only able to learn linear relationships between inputs
and outputs, which may result in insufficient generalization
capability. Knowledge Distillation is a model compression
technique primarily used to transfer the knowledge of a
large, complex model (called the “teacher model”) to a
smaller, more efficient model (called the “student model”).
This method helps the smaller model learn the performance
capabilities of the larger model while maintaining a compact
size and high efficiency.

Learning from the insight above, we use the edge motion
capture model, which utilizes a large number of parameters
to learn human motion knowledge, as the teacher model,
and leverage its outputs as ground truth to fine-tune the
weight learner. Through knowledge transfer, the weight
learner can adjust the fitting function in real time and
update the weight parameters. The weight learner contin-
uously learns the representation of newly input human
motions from the teacher model, which has the excellent
generalization ability. And it transmits the newly acquired
online knowledge to the Joint Tracker through weights
updates.

It is worth noting that, due to insufficient data for
initial fine-tuning, the parameters in weight learner are not
stable enough, and the weights in Joint Tracker would not
be updated immediately. When the results from the fine-
tuned network show less error compared to the results from
original network, the transmission and update of weights to
the local tracker will be triggered.

3.3 Event-responsive Motion Synchronization
To quickly obtain accurate joint motion calculated by the
edge server, the local device continuously sends the loca-
tions of markers from newly arrived frames to the edge
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Fig. 6: Experimental Setup and Qualitative Results: Eight infrared cameras encircling the laboratory are utilized to capture
markers attached to the motion capture suit. The markers locations was transmitted to client devices and collaborated with
remote edge devices for real-time motion capturing. The human body mesh illustrates edgeMoCap’s real-time motion
estimation performed by the same user, with the difficulty of the motions (i.e., the extent of markers occlusion) progressing
from left to right.

in a data stream. Due to limited computing capabilities at
the edge side, newly arrived frames are stored in a buffer,
awaiting the completion of the current processing round in
the motion capture model. However, in marker occlusion
scenarios, it is difficult for local tracker to maintain satisfied
performance due to marker information loss. To better ad-
dress the local tracker’s timely needs for generated results
from edge in occlusion scenarios, we designed a scheduler
that responds to occlusion events in human motion.
Event #1: Marker occlusion. Due to factors such as the
insufficient number or improper deployment of infrared
cameras, and the complexity of human movement, markers
may be occluded during motion, which can result in incom-
plete input marker data. However, Joint Tracker relies on
the locations of all markers, according to the initial weights,
to track the translation and rotation of joints.

To quickly adapt to tracking scenarios with missing
markers, the scheduler issues an instruction to the edge to
update the weights. This instruction guides the edge server
to rapidly fine-tune a new set of adaptive weights in weights
learner. The newly learned weights will be transmitted to
the local Joint Tracker to complete the weight update.
Event #2: Reappearance of occluded markers. When an
occluded marker reappears with a new marker ID, Marker
Tracker cannot identify and track the marker due to the
absence of label information corresponding to that marker
ID in the historical frames. Also, Joint Tracker cannot use
data from the unidentified marker.

To quickly identify label of the marker, the scheduler
issues a rapid solving instruction to the edge server. Upon
receiving this instruction, the server terminates current in-
ference process and directly perform inference for the batch
containing the newly arrived frame. Simultaneously, the
server readjust the weight learner for a rapid fine-tuning.
The outputs of the edge model and the updated weights
can be quickly transmitted and applied to the local Tracker.

In conjunction with Sec.3.2.3, we decide when the local
tracker should refresh its regression weights with an event-
driven, threshold-based scheduler. Upon the arrival of an
edge result, the client computes the discrepancy between (i)
the pose previously produced by the local tracker and (ii)
the newly returned pose from the edge. A weight refresh
is triggered when this discrepancy exceeds a preset error
threshold.

This design has two key benefits. First, human motion
and marker visibility changes are highly bursty and non-

TABLE 1: Details of Data Collection in Different Motion
Difficulties

Motion Difficulty No.of User No.of Motion No.of
Frames

Markers Occlusion
(Avg.)

Easy 6 15 47,141 0
Medium 4 12 36,415 2

Hard 4 9 30,530 5

periodic. Updating only when the measured error spikes
allows the system to react immediately at those moments,
instead of refreshing on a fixed schedule that may come
either too late or when nothing has changed. This also
avoids unnecessary bandwidth consumption and avoids
interrupting the edge pipeline with needless parameter
switches. Second, the trigger is not based on the self-
estimated reliability signal from the edge model, but on an
externally validated discrepancy: we directly compare the
client prediction against the latest corrected result from the
teacher model in joint space. This gives an objective signal
of actual tracking drift.

4 EVALUATION

In this section, we first present the experimental method-
ology (4.1), followed by the overall performance of edge-
MoCap (4.2). We demonstrate the robustness of edgeMo-
Cap (4.3) by testing edgeMoCap in different application
scenarios and conduct ablation studies (4.4) to illustrate the
effectiveness of different modules.

4.1 Experimental Methodology

Evaluation Datasets. We conduct our experiments using
one synthetic dataset and two real datasets, each featuring
characters with slightly varied marker configurations due
to inaccuracies in marker placement. The synthetic dataset
is generated from CMU MoCap dataset [31] using SMPL
body model [32], and one of the real dataset is from SOMA
[30].

Besides that, we also collected a new dataset in our
experiment setting. The evaluation spanned three months,
with about 2 hours of parallel client operation per day
during data collection. As shown in Table 1, 6 users with
various body shapes attended the experiments, and they
were asked to perform 36 distinct motions. Based on the
complexity of human movements, we classified motions
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into three categories by difficulty: easy (e.g., walking, clap-
ping), medium (e.g., sitting down, throwing), and hard (e.g.,
dancing, jumping).

We follow the occlusion strategy adopted in MoCap-
Solver for the CMU test data. In the experiments, a total
of 56 markers are used. To evaluate system performance
under occlusion, 10% of the markers are randomly masked
in separate trials. To better approximate real-world long-
term occlusion, each occluded marker remains invisible
for 100 consecutive frames. In real-world datasets, marker
occlusion mainly depends on the self-occlusion of actors
during motion capture.
Experiment Setting. Fig. 6 shows the experimental scenar-
ios in a laboratory. We set up 8 infrared cameras with 60
fps to cover different perspectives of the scene. The actor
wears a motion capture suit that fits closely to the markers
and completes several movements with different motion
difficulties in the space. The local device we use in the
experiments is equipped with Apple M3 Pro chip, and the
edge server is equipped with GeForce RTX 2080 Ti with
11GB memory.
Evaluation Metrics. (i) End-to-end latency. In real-time
applications, it is crucial to focus on the errors stemming
from computational delays, which can result in rendering
outdated poses. Therefore, we define end-to-end latency as
the production time interval between the current received
frame from cameras and the current rendering frame from
system to assess the computational delays of systems. (ii)
Real-time accuracy. We use both translation vector and
rotation matrix to represent a 6-DoF human joint. The trans-
lation error (in mm) is calculated by joints location distance,
and the rotation error (in ◦) is calculated by the smaller
angle between the two rotation matrices. Also, the error
is computed between the current received frame and the
current rendering frame to assess the overall performance
of systems.
Baselines. Considering both the performance of models and
the capability to process quickly in markers occluded scenes,
we chose SOMA [30] as the method for markers labeling
and MoCap-Solver [15] as the method for joints solving on
the server side. Within the proposed framework, any robust
DNN-based optical motion capture model can serve as the
teacher model for knowledge distillation. MoCap-Solver fol-
lows an autoencoder (AE) architecture. The encoder learns
latent representations of skeletal structure, marker configu-
ration, and temporal motion dynamics, while the decoder
reconstructs clean marker trajectories and joint sequences
from these latent variables. Each module is implemented
using linear layers, and the model contains approximately
374.4 MB of trainable parameters.

Furthermore, based on the same network conditions
setup, we compare the system performance with MoCap-
Solver, Mosh++ [16] and OpenMoCap [33] in real-time
manner.

4.2 Overall Performance
4.2.1 Real-time accuracy
Fig. 7a depicts the translation error of the proposed edgeMo-
Cap as well as two other comparative systems. As shown,
the average translation error of edgeMoCap is 38.8 mm,
which outperforms MoCap-Solver by 77.6%, and exceeds
Mosh++ by more than 93.7%. Furthermore, the 90th per-
centile accuracy outperforms these systems by 76.4%, and

TABLE 2: Modules Latency Analysis

Modules Latency (ms) Fluctuation (ms)

Marker Tracker 0.1 0.07
Joint Tracker 5.25 1.2

Scheduler 2.89 26.1
Transmission 56 574

Motion Capture 251 43
Weights Learner 24 28

92.7%, correspondingly. These results highlight the substan-
tial enhancement in translation accuracy achieved by our
system. Compared with OpenMoCap, edgeMoCap further
reduces the average translation error by 70.4%. Although
OpenMoCap claims to achieve real-time MoCap recon-
struction, its deployment is limited by the computational
capacity on the client side. Considering both the network
transmission delay and the edge inference latency (approx-
imately 40 ms per frame), such architectures cannot sustain
high-frame-rate motion capture in practice.

Fig. 7b demonstrates the rotation error of the proposed
edgeMoCap, again in comparison with MoCap-Solver and
Mosh++. The average rotation error of edgeMoCap is
8.8◦, whereas MoCap-Solver records an error of 14.1◦and
Mosh++ shows an error of 25.8◦. Compared with Open-
MoCap, which reports an average rotation error of 11.89°,
edgeMoCap achieves an additional 25.9% improvement in
rotation accuracy.

Fig. 6 shows the qualitative results of edgeMoCap. The
difficulty of motion from easy to hard, while edgeMoCap
tracks the user’s motion can output a accurate pose in real-
time. Above theoretical and empirical results demonstrate
edgeMoCap achieves remarkable performance gains based
on the proposed fast and effective tracker and the edge-
assisted architecture.

4.2.2 End-to-end Latency
We collected time consumption for each module on SOMA
dataset, and calculated the average cost for each frame. The
results are shown in Table 2. edgeMoCap adopts a two path
architecture. The client side path, consisting of the Marker
Tracker and the Joint Tracker, produces real-time pose es-
timates with end to end latency below 6 ms, while each
frame is concurrently transmitted to the edge for model-
based motion solving. The returned solving results correct
historical states on the client side, indirectly improving the
accuracy of the current frame without blocking or delaying
the client loop.

Upon data arrival, the scheduler evaluates the error be-
tween historical client estimates and newly returned results,
handles occlusion events, and decides whether to trigger a
weight update. The average latency is 2.89 ms. Dispatching
the update to the edge can cause minor timing fluctuations,
yet it does not affect the critical path, and the tracker
maintains real-time operation.

For weights learner, it takes the generated results from
motion capture model as ground truth, and the fine-tuning
process lasts for 3 epoches in each round. Due to its simple
network architecture and the relatively small amount of
training data, weights learner costs about 24 ms for an trans-
lation and rotation weights update, which demonstrates that
well-designed weights learner in edgeMoCap runs in an
efficient way.
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(a) Translation Accuracy Comparison (b) Rotation Accuracy Comparison (c) End-to-End Latency

Fig. 7: Overall Performance
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(a) Impact of Network Conditions (b) Impact of Different Motions (c) Impact of Different Actors

Fig. 8: System Robustness Evaluation

Fig. 9: Effectiveness of Architecture

4.2.3 Resource Utilization and Energy Profiling
During real-time tracking on a MacBook Pro (M3, 18 GB),
the client-side process shows an average Energy Impact
of 8.52, measured by macOS Activity Monitor. This value
corresponds to low-to-moderate energy consumption com-
pared to typical multimedia workloads (Energy Impact >
30). The client-side tracker maintains an average CPU uti-
lization of 97.6% on a single logical core, corresponding to
approximately 9% of the total 11-core capacity of the M3 Pro.
This confirms that the module occupies roughly one core
under full load, leaving substantial computational head-
room for concurrent rendering or communication tasks. We
further performed a client side deployment on the mobile
device (iPhone 15 Pro). The system maintained stable op-
eration, reporting 0.84% memory usage and 17.2% CPU
utilization.

4.3 System Robustness Evaluation
We conduct several experiments to test the performance and
the generalization of edgeMoCap in different experimental
conditions.

4.3.1 Impact of Network Conditions
To verify the tracker’s tracking ability under different trans-
mission delays, we test edgeMoCap in fast, moderate, and
slow network conditions respectively and evaluate the real-
time motion capture accuracy. As shown in Fig. 8a, the mean

translation error of edgeMoCap on the synthetic dataset was
7.0 mm, 7.14 mm, and 7.59 mm, respectively; the mean
rotation error is 11.5◦, 15.3◦, and 18.27◦, respectively. The
average network latency is 34.2 ms in the fast environment
and 59.3 ms in the moderate environment. It should be
noted that under slow network conditions, the transmission
delay can occasionally approach 1 s.The results indicate that
as the transmission delay increases, the local tracker can still
effectively track joint locations. For the relatively complex
rotation tracking, the local tracker can also keep the error
within 20◦.

4.3.2 Impact of Different Motions
Using edgeMoCap to track human movements of varying
difficulties, the error results are shown in Fig. 8b. As the
difficulty of the actions increased, the corresponding aver-
age translation errors are 27.96 mm, 29.67 mm, and 36.79
mm, and the average rotation errors are 7.39◦, 8.57◦, and
8.66◦. From these results, it can be seen that the translation
error difference between simple and difficult actions is less
than 1cm, and the rotation error difference is about 1◦. This
experiment demonstrates the robustness of the system in
capturing movements of different difficulty levels.

It should be acknowledged that the learning of edge-
MoCap’s tracker is based on the smooth changes between
adjacent frames. If the motion is extremely difficult, which
disrupts the learned temporal correlation, the experimental
results can be affected in a short time. However, because
of the designed online-learning strategy, the errors can then
be rectified and the overall performance can be kept in a
satisfied level.

4.3.3 Impact of Different Actors
To verify the system’s generalization ability to human move-
ments of different body types, we carefully selected four
participants with varying body types to perform easy mo-
tions for this experiment. As shown in Fig. 8c, the results in-
dicate that the average translation error is below 25 mm, and
the average rotation error is below 10◦. The edgeMoCap’s
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(a) Label Voting (b) Scheduler (Translation Error) (c) Scheduler (Rotation Error)

Fig. 10: Ablation Study

robustness and adaptability ensure consistent performance
across a diverse range of users, further validating its effec-
tiveness in real-world applications. The edgeMoCap’s gen-
eralization performance across actors with different body
types benefits from the weight updates, which we discuss
later in ablation study.

4.3.4 Impact of Different Client Devices
Due to the simplicity and efficiency of the tracking process,
edgeMoCap does not have specialized high demands on the
client device. As shown in Fig. 7c, we conducted tracking
experiments under different local device conditions (AMD
R5 3500X, Intel i7-10700K and Apple M3 Pro), and the
tracking process is completed in approximately 10ms in
each case. Moreover, the tracking process can operate in
less than 6ms on the local device with advance computing
capability. In fact, with the experimental setting of motion
capture at 60fps, the tracking process completing within
approximately 16ms is enough for real-time applications.
These experiments demonstrate that the system can operate
effectively on local devices with varying computational
capabilities.

4.4 Ablation Study
We conduct several experiments to evaluate the effective-
ness of edgeMoCap’s architecture, implementation, and al-
gorithms.

4.4.1 Effectiveness of Architecture
To evaluate the effectiveness of the collaborative architec-
ture that runs the tracker locally and optimizes with the
results from edge, we design an experiment based on a
synthetic dataset. The comparative architecture, called “Re-
mote Tracking”, is designed to reduce the time required to
transmit the results of edge model back to the tracker. It
operates by running the tracker directly on the edge server,
and the calculated results are then transmitted back to the
local device for rendering.

The comparison results are shown in Fig. 9. The Local
Tracking approach achieved an average translation error of
7.0 mm and an average rotation error of 11.53◦, whereas
the Remote Tracking approach has an average translation
error of 20.23 mm and an average rotation error of 17.51◦.
In other words, the results of Local Tracking surpass the
results of Remote Tracking for more than 65% and 51%
respectively. These results emphasize the importance of
client-edge collaboration, which leads us to fully utilize the
computational resource in local devices. It also underscore
the pivotal role of the designed edge-assisted architecture in
edgeMoCap.

Fig. 11: Effectiveness of Weights Update. After about 580
frames, human motion transitions from simple actions such
as standing and walking to the challenging action of squat-
ting.

4.4.2 Effectiveness of Label Voting

As shown in Fig. 10a, “w/o Label Voting” indicates that
Marker Tracker directly uses the labels of the markers from
the last frame to label markers with the same ID in the
current frame. Since the results of label recognition accuracy
are closely related to the motion difficulty, we design the ex-
periments in three comparing groups based on the actions.
The figure illustrates that with the Label Voting module, the
accuracy of marker labeling by Marker Tracker increased by
approximately 1.5%, 18% and 19.7% respectively, with an
average accuracy of 95.08%.

The results demonstrate that label voting improves the
effectiveness of recognizing marker labels by referencing all
possible previous frames rather than just a single frame.
And it also indicates that the model has a better perfor-
mance on recognizing easy motions. Therefore, for appli-
cation usage, we strongly recommend users to start from
the easy pose and collect the precise historical frame results
before motions.

4.4.3 Effectiveness of Scheduler Synchronization

The design of the scheduler primarily addresses the issues
of adaptability to information loss in occlusion scenarios
and the integration and utilization of recovered information.
Therefore, based on the difficulty of the motions, i.e., the
number and frequency of occluded markers, we design
experiments to verify the effectiveness of the scheduler. The
results are shown in the Fig. 10b and Fig. 10c.

As the difficulty of motion increases, both the average
translation error and the average rotation error increase.
However, the system using the scheduler can keep the
average translation error within 40mm and the average
rotation error within 20◦. In contrast, the system without
the scheduler experiences a significant increase in errors.
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(a) Translation

(b) Rotation

Fig. 12: Parameters Study

The translation error reaches more than 80mm, and the
rotation error reaches more than 40◦. By promptly update
the Tracker when markers are occluded, and timely utilize
the information when the markers reappear, scheduler helps
edgeMoCap better cope with occlusions.

4.4.4 Effectiveness of Weights Update

Considering that using motion capture might introduce er-
rors due to different body types and imprecise placement of
markers, we applied the weights pre-trained on a synthetic
dataset as the initial weights for Joint Tracker, and test the
system operation on SOMA dataset. We compared the error
change curves without weight updates and with continuous
weight updates.

As shown in Fig. 11, in terms of translation error, during
the initial phase, due to insufficient testing data, the fine-
tuned weights are not applied to the local Joint Tracker.
After approximately 200 frames, the weights used in the
local Joint Tracker were continuously updated with the
parameters fine-tuned at the edge server.

The fine-tuned weights adaptively adjusted the weight
distribution according to the placement of markers. There-
fore, the system with weight updates shows a significant de-
crease in both types of errors comparing with fixed weights,
and the error increase slower when handling difficult ac-
tions.

4.5 Parameters Study

To assess the effect of local tracker update frequency, we
evaluated translation and rotation errors under different
thresholds. We report the update ratio (number of updates
/ total frames) and the mean errors in Fig.12. As the trans-
lation threshold increases, the update ratio drops markedly
while the translation error grows, confirming that timely
weight updates are beneficial. Notably, the translation error
rises sharply between 2 cm and 3 cm, so we adopt 2 cm
as the translation threshold. Interestingly, when increasing
from 3 cm to 4 cm, the translation error slightly decreases,
likely due to bandwidth consumptions, where the minor
gain in update frequency cannot offset the accumulated

correction latency introduced by multiple small update op-
erations.

In contrast to translation, the rotation error is less sen-
sitive to the update ratio. To probe why, we logged the
gradient norms of the edge-side weight learner under dif-
ferent angular thresholds. At a 1◦threshold, the median
gradient norm is on the order of 1e-2, suggesting that tiny
angular perturbations provide limited learning signal. At
a 20◦threshold it increases to 1e-1, indicating sufficiently
informative updates. Beyond 20◦, overall performance de-
grades, consistent with an insufficient update frequency. We
therefore set 20◦as the rotation update threshold.

4.6 Evaluation under Challenging Scenarios
4.6.1 Network Disconnection
To further evaluate the performance of edgeMoCap under
network disconnection, we test various motion types and
present the results as shown in Fig.13a and Fig.13b. Once the
local device receives the first motion-solving result returned
from the edge, the network connection is immediately ter-
minated. The subsequent frame-by-frame inference is then
completed locally based on this initial result.

Across the entire CMU test set, the method achieves
an average translation error of 11.26 cm and an average
rotation error of 29.50 ◦. Two representative motion types
are selected from the test set: simple walking and complex
ballet dancing. In the first few frames, since the local device
needs to wait for the edge results, the translation error is
initially larger for these two motion types involving rapid
movements. After receiving the first edge-returned frame,
the subsequent fast local solving quickly adapts to the rapid
motion, allowing the position error to stabilize within 2 cm.

During the initial second of most MoCap sequences,
the human body rarely undergoes drastic joint rotations,
resulting in a relatively stable error at the beginning of the
sequence. For simple motion patterns such as walking, the
overall rotational error remains moderate, typically within
10◦. When the motion involves non-standard or biomechan-
ically extreme postures, such as single-leg standing with
backward leg extension in ballet, the rotational error can
surge to as high as 60◦.

For relatively simple motions, the client-side solver is
sufficient to maintain accurate rotation estimation. How-
ever, for motions involving large joint rotations and complex
postures, rotation estimation becomes a more challenging
task and depends more critically on temporally adjacent,
accurate feedback from the edge-side solver. Overall, as a
fast solver operating on the client side, the tracker maintains
acceptable accuracy within a short time window.

4.6.2 Long-duration Test
To assess robustness under prolonged operation, we con-
ducted a real-world MoCap session lasting approximately
two hours and report a time slice from the final several
minutes in Fig. 13c. The subject began from a static T-pose
and then performed a series of large-amplitude warm-up
movements in the capture space (e.g., rapid arm swings,
torso twists, and badminton-style swings). As the motion
complexity increased, the error exhibited modest temporal
fluctuations, with a pronounced spike around frame 4000
during a rapid lateral bend with waist flexion. Overall, the
error remained at a low level. Benefiting from the edge re-
sults that are continuously returned to refine local estimates,
the system sustained stable, long-duration operation.
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(b) Network Disconnection (Extreme Motions) (c) Long-duration Test (Quick Motions)

Fig. 13: Challenging Scenarios
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Fig. 14: Extreme Marker Occlusion

4.6.3 Extreme Marker Occlusion
To further evaluate system robustness in an extreme sce-
nario, experiments are also conducted with a 20% marker
occlusion ratio on CMU test data. The results are sum-
marized and illustrated in Fig.14. With increasing marker
occlusion, the rotational error in joint estimation remains
relatively stable, while the positional error exhibits a more
significant increase. Even under the extreme case of 20%
marker occlusion, the estimated positional deviation for
most motions remains within 10 cm, indicating that the sys-
tem can still achieve stable performance under challenging
conditions.

5 RELATED WORK

In this section, we review the work in related areas.
Optical-based Motion Capture. Marker-based optical mo-
tion capture is currently the most accurate among com-
mon modalities such as image-based (e.g., LiveCap [34],
MotionBERT [35], HybrIK [36], LitePose [37]) and IMU-
based (e.g., Mocap-Everyone-Everywhere [38]) approaches.
Based on the type of prior knowledge, Optical-based motion
capture methods can be categorized into evidence-driven
approaches and data-driven approaches.

Evidence-driven methods are often based on heuristic
rules of human motion, combining these rules with physical
constraints to enhance motion capture techniques [39], [40].
Aristidou et al. [14] utilizes the high self-similarity of human
motion data. Some methods are based on low-rank matrix
completion [9], [10], [11]. Other methods based on Kalman
filters [12], [13] observe and predict motions, assuming that
the motions can be approximated by a Gaussian model.
Although these methods can operate in real-time, they rely
on certain assumptions to be effective, or they are mainly
targeted at solving specific types of noise, which makes
them unable to handle complex scenarios.

Data-driven methods can learn implicit prior knowledge
from large amounts of training data. Ghorbani et al. [30]
constructs an attention network to learn the relationships

between markers and label markers accordingly. Mahmood
et al. [16] continuously estimates the position of the human
body in the next frame through parameter optimization.
Other methods [7], [15], [33] use pre-labeled markers as
input to solve for the skeleton, achieving high accuracy even
in occluded scenarios. However, typical optical pipelines
(e.g., OpenMoCap [33]) prioritize accuracy and do not guar-
antee strict real-time behavior under sustained high frame
rate operation (typically ≥ 60 fps).

We target real-time optical motion capture on
lightweight client devices. To the best of our knowledge, this
work propose the first edge-assisted architecture tailored to
optical MoCap. Whereas pipelines like OpenMoCap com-
monly rely on powerful GPUs or batch style processing, this
design enables stable real-time execution on resource con-
strained clients, and the generated results can be efficiently
rendered (e.g., VR-Pipe [41]).
Edge-assisted Paradigm for Real-time System. The edge-
assisted paradigm creates opportunities for applications
that demand real-time performance with limited comput-
ing capabilities and require scalable, one-to-many services
[42], [43], [44], [45], [46], [47]. Chen et al. [48] assess the
latency performance of different edge computing applica-
tions. Some works [21], [49], [50] address computational
challenges through efficient offloading strategies, which
accomplishes a Simultaneous Localization and Mapping
(SLAM) service for mobile devices. [51] designed an edge-
assisted system to achieve high-precision real-time object
detection on existing AR/MR systems. And there are some
other works explore applying edge computing architecture
in healthcare [52], [53], [54]. While edge-assisted frame-
works have established effective paradigms for combin-
ing tracking and correction across local devices, these
approaches cannot be directly applied to optical motion
capture. Optical MoCap systems are inherently complex
and large-scale, lacking a lightweight tracker capable of
maintaining stable accuracy as in visual-inertial tracking
scenarios.
Generalizable Robust Motion Capture. Motion capture
applications should be able to accommodate different body
types. One approach for generalization is using a standard-
ized skeletal model and adjusting the length and propor-
tions of bones parametrically. Skeleton retargeting [55] is a
technique for mapping motion from one skeleton to another.
By establishing correspondences between the source and
target skeletons, motion data can be retargeted from one
body to another. In deep learning, different body parame-
ters are commonly used to represent human models [30],
[32]. To improve the generalizability of edgeMoCap, we
reference the knowledge distillation method from model
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compression to adjust the parameters used in Tracker in
an online-learning manner, which enables the system to
provide robust services for different body types of users.

6 CONCLUSION

We have presented and implemented edgeMoCap, the first
framework to enable existing motion capture models to pro-
vide real-time services at the edge. edgeMoCap (i) distills
implicit human motion knowledge from DNN models into
explicit joint-marker correlations, supporting lightweight
clients to rapidly track skeletal motion locally; (ii) through
meticulous tasks segmentation and data synchronization
of motion capture and tracking, the proposed edge-client
collaboration architecture ensures both real-time and accu-
rate performance. Comprehensive evaluations over three
months underscore its superior performance. edgeMoCap
marks a pioneering effort to offload motion capture models
to the edge, facilitating scalable and real-time services.
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