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Abstract

We propose a novel hybrid calibration-free method FreeCap
to accurately capture global multi-person motions in open en-
vironments. Our system combines a single LiDAR with ex-
pandable moving cameras, allowing for flexible and precise
motion estimation in a unified world coordinate. In particu-
lar, We introduce a local-to-global pose-aware cross-sensor
human-matching module that predicts the alignment among
each sensor, even in the absence of calibration. Additionally,
our coarse-to-fine sensor-expandable pose optimizer further
optimizes the 3D human key points and the alignments, it is
also capable of incorporating additional cameras to enhance
accuracy. Extensive experiments on Human-M3 and FreeMo-
tion datasets demonstrate that our method significantly out-
performs state-of-the-art single-modal methods, offering an
expandable and efficient solution for multi-person motion
capture across various applications.

Introduction

Vision-based human motion capture refers to the process of
accurately predicting and reconstructing human meshes in
open environments by utilizing visual data from LiDAR or
camera. The approach eliminates the need for wearable sen-
sors, enabling the capture of natural and unrestricted human
motion. It is particularly advantageous in scenarios such as
daily activities and sports, where the use of wearable devices
may be impractical or restrictive.

Camera-based methods (Belagiannis and Zisserman
2016; Miezal, Taetz, and Bleser 2017; Rajasegaran et al.
2022; Shin et al. 2024) can effectively capture the accu-
rate human local pose by image texture information but lack
depth information, and depth camera-based methods (Srid-
har et al. 2015; Wei, Zhang, and Chai 2012; Yu et al. 2017,
2019; Zheng et al. 2018) suffer from lighting conditions and
the limited sensor range. LiDAR is widely used in robotics
and autonomous driving (Zhu et al. 2021, 2020; Cong et al.
2022; Xu et al. 2023; Lu et al. 2023) for perceiving depth
information in large-scale scenes. Previous LiDAR-based
methods (Li et al. 2022; Fan et al. 2023b; Ren et al. 2024)
can estimate the global human pose in large-scale scenes by
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accurate depth information. However, the sparsity of long-
distance point clouds and the lack of texture information can
lead to inaccuracies in predictions.

To leverage both image texture and LiDAR depth infor-
mation for more accurate global human motion predictions
in open environments. The previous method(Cong et al.
2023; Fan et al. 2023a) utilizes calibrated multiple cameras
and LiDARs for involving the fusion of raw data, which
can lead to difficulties in unifying data distribution and re-
duced generalization ability. In contrast, as shown in Fig. 1,
our system consists of the single LIDAR and any number
of moving cameras. The LiDAR captures extensive global
depth information, while the moving cameras provide de-
tailed texture information in local areas. This more flexible
and expandable setup enables accurate multi-person motion
estimation within a unified world coordinate system, making
it suitable for diverse applications.

In this paper, we propose a novel calibration-free multi-
model method FreeCap. We can not directly get the cross-
sensor human matching in large-scale multi-person scenes
without the calibration and the data-driven method can not
intentionally learn the calibration when the camera is mov-
ing. To address these challenges, we introduce an efficient
and high-quality local-to-global matching module, Pose-
aware Cross-sensor Matching. Specifically, we use RTM-
Pose (Jiang et al. 2023) and WHAM (Shin et al. 2024) to
estimate the 2D key points and body pose in image and use
LiveHPS (Ren et al. 2024) to estimate the 3D key points
and body pose in point cloud. The body poses are used for
local matching and the global key points are used for match-
ing refinement. Next, we design a coarse-to-fine sensor-
expandable pose optimizer to optimize the coarse align ma-
trix calculated based on the matched 2D key points and 3D
key points, which can unify the calibration-unknown multi-
modal data and guide the network to further optimize the
3D human key points. Furthermore, considering the narrow
of the camera range, our network can accept expandable
camera data, the more cameras can assist LIDAR to predict
more accurate results. Extensive experiments conducted on
the multi-person large-scale dataset Human-M3(Fan et al.
2023a) and the multi-view sensor dataset FreeMotion(Ren
et al. 2024), demonstrate that our method achieves signifi-
cant improvements in human pose compared to other single-
modal SOTA methods.
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Figure 1: Visualization of our FreeCap in a real-time captured scenario. Our settings include a single LiDAR and four cameras.
Camera-1 follows the running person, camera-2 surrounds two people playing soccer, camera-3 focuses on the main person
playing frisbee and camera-4 captures three persons. We zoom in some cases to the right.

Our main contributions can be summarized as follows:

e We present the first calibration-free and sensor-
expandable system designed for capturing multi-person
motions in open environments.

e We propose a local-to-global cross-sensor human-
matching approach for predicting alignment matrix.

e We design an effective multi-modal coarse-to-fine fusion
method by optimizing human key points.

e Our method achieves SOTA on the large-scale dataset
Human-M3 and multi-sensor dataset FreeMotion.

Related Work
Wearable Sensor-based Methods

Early motion capture system reconstructs human mesh re-
lays on dense markers (Loper, Mahmood, and Black 2014;
Park and Hodgins 2008; Song and Godgy 2016; Raskar et al.
2007; Xu et al. 2019) attach in human body. It enables the
capture of high-quality human motions and is wildly applied
in industry. However, system is costly and limited in indoor
scenes with good lighting conditions. The freer system uses
inertial measurement units (Yi, Zhou, and Xu 2021; Yi et al.
2022; Ren et al. 2023) for capturing orientations and acceler-
ations of human key bones which reflect the human motion
representation based on SMPL model. It can work in rela-
tively open scenarios, but it suffers from drift and can be af-
fected by magnetic field. Moreover, above methods require
actors to wear sensors, causing constrained human motions.
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Camera-based Methods

To make mocap method applied in daily usage, the marker-
less methods (Liu et al. 2013; Rhodin et al. 2016; Kanazawa
et al. 2018) use cameras only has made great progress. The
multi-view camera-based methods (Malleson, Collomosse,
and Hilton 2019; Zhang et al. 2020; Malleson, Collomosse,
and Hilton 2020) predict accurate human motions based
on optimization from full perspective motion information.
Though performers do not need to wear markers, the multi-
camera studio needs complex deployment in closed areas.
The monocular-based method (Mehta et al. 2017; Sapp and
Taskar 2013) only requires a single camera, it is light-weight
while the performer is free to move, but a single camera can
not perceive depth information and the sensor range is nar-
row. Recently, some methods (Shin et al. 2024; Rajasegaran
et al. 2022), begin to pay attention to estimating the global
human trajectory from a monocular dynamic camera. How-
ever, the trajectory is relative to a beginning frame and ac-
cumulated errors occur, which means that methods cannot
infer long-term data and cannot predict multi-person global
motions in a unified world coordinate system.

LiDAR-based Methods

In order to estimate the global human motions in large-scale
open environments, various LiDAR-based mocap methods
have been proposed. LIDARCap (Li et al. 2022) first pro-
poses a single LiDAR-based human motion capture method,
but it only estimates the local pose based on the graph-
based framework. LIDAR-HMR (Fan et al. 2023b) utilizes
the point cloud geometric information to reconstruct the hu-
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Figure 2: The pipeline of FreeCap. It consists of three main modules, including the pose-aware cross-sensor matching estimate
of the optimal pairs and aligns matrix, the sensor-expandable pose optimizer predicts the 3D human joints, and the SMPL solver
regresses the SMPL parameters. We also show the details of PCM and SPO.

man mesh, but it can not provide the template-based mo-
tion representations, the scope of application is limited.
PointHPS (Cai et al. 2023) provides a cascaded network to
predict the human pose and shape, but the network frame-
work requires dense points in close range. LiveHPS and
LiveHPS++ (Ren et al. 2024, 2025) estimate the full SMPL
parameters, including the human local pose, body shape, and
global translation, fully utilizing the depth information of
point cloud. However, the sparsity of data and the lack of
texture information also lead to inaccurate predictions.

Hybrid Sensor-based Methods

As all single modality sensor-based methods have corre-
sponding disadvantages, recent works begin to explore the
hybrid sensor-based method. Some methods utilize cameras
and IMUs (Liang et al. 2022) to estimate more accurate hu-
man local poses, but still suffer from loss of depth informa-
tion. LIP (Ren et al. 2023) uses the single LiDAR to provide
depth information and four IMUs attached in for limbs to
optimize the occlusion case. Human-M3 (Fan et al. 2023a)
proposes a camera-LiDAR fusion method, but it relies on
accurate calibrations causing the system must be fixed and
pre-deployment. We present the first calibration-free method
based on the single LiDAR and expandable cameras, which
can work in open environments.

Methodology

Our goal is to capture human motion based on a single Li-
DAR with expandable moving cameras in the open envi-
ronment. An overview of our pipeline is shown in Fig. 2.
We take the sequential point clouds and multi-view videos
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as input. There are three main modules in our network, in-
cluding pose-aware cross-sensor matching(PCM), sensor-
expandable pose optimizer(SPO), and the SMPL solver.
Firstly, we use PCM to get the matching pairs between point
cloud and the images. Then, based on the matching pairs and
predicted human key points, we use an optimization frame-
work to generate the alignment matrix, which can unify the
cross-sensor data into the unified world coordinate. Next,
the SPO takes expandable unified data as the input and opti-
mizes the 3D key points by multi-sensor fusion. Finally, we
use the SMPL solver to estimate the SMPL parameters from
refined 3D key points.

Preliminaries

Our framework takes sequential multi-person’s point clouds
and videos as input and predicts all person’s SMPL param-
eters. For PCM, we define z34 §n, t) and za4(n, t) to repre-
sent 3D and 2D key points; 35 (n, t) and x4 (n, t) as body
poses extracted by pretrained model; C(n,t) as matching
pairs between LiDAR and camera for n € N individuals in
the scene. For SPO, we define x,,. as normalized 3D point
clouds; z34 as 3D key points which is root-centered; x4 as
normalized 2D key point. The predicted 3D joints Jsq and
2D key points Joq are supervised by the ground truth J?,%T
and ngT respectively. We normalize Jng and chfiT using
the same normalization process applied to the input data
following LiveHPS and WHAM. For the motion, We de-
fine 097 (n,t), T (n), and TET (n,t) as the ground truth
SMPL parameters, N; = 24 and Ny = 6890 represents the
number of human joint and mesh vertex.



Pose-aware Cross-sensor Matching

Human matching among multi-sensors is a prerequisite for
our calibration-free method. We define the matching target
is to get the matching pairs C(t) = {(i,5),i € N,j € M},
where N and M are the sets of indices for the human ap-
pears in the LiDAR and camera respectively. And we use
C; to represent identity matching. The body pose, inher-
ently independent of coordinate systems, is ideal for cross-
sensor matching applications. Yet, relying solely on body
pose might not capture global information accurately. For
instance, when individuals perform synchronized activities,
body pose alone may not provide precise matches. To ad-
dress this, we introduce Pose-aware Cross-sensor Match-
ing(PCM), which integrates both global key point and local
body pose data, as outlined in Alg.1.

Algorithm 1: Pose-aware Cross-sensor Matching

Input: {xg’g, xgz‘f, X3d, Xad, K, Niter }
Qutput: C
Cinits Minit Hungarian(Sim(azgg, mgg))
n3dq < len(X3d) Noq < len(XQd)
v < Variance(M{renst)
if v > § then
Q « zeros(nsq, n2q)
fort < 1to T do
Copt; M, cost < OptMatch(x3a(t), X24(t), x50 (1),
Xbp( ) Ktaniter)
foreach (i, j) in C,,; do
| Qli.j]  Qli.j] + cost
end

end
C + Hungarian(Q)
return C

end
else

| return C,,;;
end

Body Pose-based Matching We use pre-trained LiveHPS
to predict 3D key points x34(n,t) and human body pose
3d(n,t), RTMPose to predict 2D key points xoq(n,t)

Ty, (n
and WHAM to predict human body pose xzd( t), which

are then employed to predict the matching pairs C(t) =
{(i,j),i € N,j € M} between L1DAR and cameras, Then,
we use sequential body poses xb d(n,t) and x? (n, t) to cal-
culate the body pose similarity for cost so that we can set up
the Hungarian algorithm’s cost matrix Q, identifying a pre-
liminary match C',,;; and a corresponding calibration matrix
M;,,i:. The similarity Sim(xgg(n) x?)g( m)) between the 3D
body pose of person index n and the 2D body pose of person
index m is calculated as fOHOWS'

Z o

tl xbp

n,t) - xig(m t)

SOl (m, )
M)

The matching cost Q is updated across all frames to se-
cure the globally optimal matches using the Hungarian al-

mm(mi’g

(n) xbp
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gorithm. Due to occlusions or sensor limitations, not all de-
tected persons are matched; those with large re-projection
errors are excluded to ensure optimal pairing. Additionally,
to correct calibration errors potentially caused by the sym-
metric nature of human anatomy and to ensure the calibra-
tion reflects true orientations, we integrate global pose data.
This approach also involves verifying matches by analyz-
ing the variance v of the calibration’s estimated translation
over multiple frames. High variance re-projection errors are
smoothed using a temporal window.

Key Point-based Optimization Matching To further ex-
ploit the information of points in the scene and achieve
more accurate global matching results, we propose Key-
Point based Optimization Matching, enhance the matching
and calibration accuracy using 2D and 3D key points Xs4
and X3d
Given the candidate match C € C, we can use the
Perspective-n-Point (PnP) algorithm to estimate the camera
pose Mo = PnP(z34, 224, C) that best aligns the paired
2D key points in the image with their corresponding 3D key
points in world coordinates. Based on this estimated camera
pose and the camera intrinsic matrix K, we define a projec-
tion matrix:
PC = K % Mc, (2)

which captures the transformation from 3D world coordi-
nates to 2D image coordinates.

Given the initial calibration matrix M, we define a func-
tion ;o5 (34, T24, C') that calculates the re-projection er-
ror associated with that matrix:

C) =|| Pcx34(C) — 224(C) [l2.  (3)

Thus, the problem of finding the optimal match can be for-
mulated as:

Eproj (dea T2d,

“4)

Based on this, we can iteratively optimize the matching and
calibration matrix according to the initial calibration matrix
or initial matching. For the optimization process, we ini-
tialize proposal matches Cyoposar With every 2D-3D pair
first and optimize the proposal matches iteratively. We se-
lected the set with the minimum weighted re-projection error
and body pose error as the globally optimal matching. The
weighted re-projection error and body pose error are defined
below:

E

proj

C* = argmincec{Eproj (234, T24, C)}.

(x?)d) T2d, mbg, 1‘537 C) = Eproj(x3d7 T2d, C)

3d ,.2d
+ A E p’l‘0j (xbp’ Thp s C)a

(&)

B

p?"()j ( 24

where the body pose matching error Ty, xbp,

defined as below:

C)is

2d 3d ,.2d
Eprog (‘rbp ’ ‘rbp ’

C) - Jproj(ngv C) H27
(6)
where Jppo; (252, C) and Jyro; (23, C) are the joint of
SMPL with mean shape and body pose xf}f, we project it
to image plane with camera intrinsic matrix K. The detailed

optimization process is presented in Alg. 2.

C) =l Joroj (a3,



Our proposed Body Pose-aware Global Matching method
leverages the distinctive qualities of body poses to bridge the
sensorial gaps in multi-sensor environments. This method
not only utilizes local body pose data but also incorporates
global key point information, providing a robust framework
for achieving accurate cross-sensor matching. By integrating
both local and global data points, our approach significantly
enhances the precision and reliability of the matching pro-
cess, even in complex scenarios where traditional methods
based solely on local data might fail.

Algorithm 2: OptMatch

Input: x39, x4, X34, X4, K, Niter
Output: C,,;, M, costyyqz
n3ad < 16H(X3d); Nog < lel‘l(ng);
Cproposal <~ (Z); COStaz <— 0; Copt — Q;
for i < 1to n3y do
for j < 1to noq do
Q — _Eproj (X?:d [Z] ’ X2d[j}7 CI)
C + Hungarian(Q)
Cproposal — Cproposal U {C}
end

end
foreach Cin C,,,p0sq; do
for ;10 <+ 110 njter do
Q — _Eproj (XBda X2d, nga Xl27167l7 C)
cost + Sum(Q)
if cost > cost,, .. then
| cOStyae < cost ; Copy <= C
end
C < Hungarian(Q)
end

end
M «+ SOlVf:PIlP(ng7 X2d, Copt)
return C,,;, M, cOstyyqq

Sensor-expandable Pose Optimizer

Each individual’s 3D and 2D data are matched and used to
compute a preliminary calibration matrix. We avoid network
overfitting from implicit multi-modal calibration by trans-
forming the data from the LiDAR coordinate system to the
camera coordinate system using this matrix. Then we intro-
duce the Sensor-expandable Pose Optimizer(SPO) for op-
timizing the human 3D joints by effectively integrating data
from each sensor.

The SPO’s inputs are processed by three specialized MLP
encoders: a 3D motion encoder Fs4, a 2D motion encoder
E5q4, and a 3D point cloud encoder E,,.. These encoders re-
spectively transform 3D key points 34, 2D key points x4,
and 3D point clouds x,. into feature representations ¢sq,
¢2d, and @y

Feature Integrator Lifting from 2D key points to 3D is
inherently ambiguous. Therefore, we also utilize the static
image features ¢y.,; extracted by a model, pre-trained on
human mesh recovery task, as input, and integrate them with
2D feature integrator network /o4 to enhance the 2D motion
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features ¢,,. The feature integrator employs residual con-
nection layer with which the network can more easily learn
the complex relationships between these features, resulting
in a more expressive and comprehensive feature represen-
tation. Following WHAM, we pre-train the 2D motion en-
coder in SURREAL dataset with arbitrary camera motion.
Similarly, point clouds and 3D key points features are inte-
grated in the same way and get the enhanced feature ¢} ;.

Cross Modal Interaction Considering human motions
are coherent over time, we employ temporal interactions to
leverage the sequential nature of the data to capture temporal
dependencies and correlations, thereby improving the over-
all results. We use multi-head self-attention layer to capture
this temporal relationship and get the encoded feature fsq4
and fo4. Subsequently, we interact the features from the ar-
bitrary two modalities(or two sensor features) by designing
a bidirectional cross-attention module and get the f34 and
foq from two distinct modalities.

Finally, we input all the 3D and 2D features into the Mo-
tion Decoder D34 and D24, where it predicts the 3D key
points Jsq and 2D key points Joq in their respective camera
coordinate systems. To refine the results of 3D and 2D key
points based on their projection correspondence, we add a
regularization term for the re-projection loss. The loss func-
tions of our method are defined below:

Lsa = Jsa — S 113,

Log =| Joa — IS |3,
Lyroj =l Porj(Jsa, K) — IS |13,
Liotal = ML3zqg + AaLog + A3Lproj-

(7

SMPL Solver

In the last stage, we transform the 3D skeleton key points
obtained from the previous stage into the world coordinate
system and use a temporal attention-based network to pre-
dict the parameters of the SMPL. The loss function of SMPL
Solver is as follows:

»Csmpl :)\4£mse (ﬁ) + )‘5‘Cmse (6)

8
+ )\6£mse(<]smpl) + )\7£m,sc(vsm,pl)7 ( )

where Jop,p and Vi, are generated by SMPL:
Jsmpla V;;mpl = SMPL(B? 03 7_)' (9)

Besides, we utilize an attention-based network for pre-
dicting the translation 7'(n,t), within which we predict
the distance T'r(n,t) from the centroid of the point cloud
Zpe(n,t) to the root node, mirroring the methodology em-
ployed in LiveHPS(Ren et al. 2024). The translation loss is
defined as below:

Lonse(Tr) = =| Tr — Tr¢T |3, (10)
where TrG¢T = TCT — EI?CT.
Experiment

In this section, we compare our FreeCap with current
LiDAR-based SOTA method LiveHPS (Ren et al. 2024) and



camera-based SOTA method WHAM (Shin et al. 2024) in
Human-M3 (Fan et al. 2023a) and FreeMotion (Ren et al.
2024). In this experiment, we utilize only the indoor portion
of the FreeMotion dataset, which includes multi-view cam-
era data. The extensive experiments demonstrates the effec-
tiveness and robustness of our multi-modal fusion strategy.
Furthermore, we also present comprehensive ablation stud-
ies to evaluate the necessity of our network modules and fu-
sion method, and the efficiency and generalization of our
matching strategy. Finally, we also discuss the universal-
ity of our freecap in various settings. Following LiveHPS,
our evaluation metrics include J/V Err(PS/PST)(mm), Ang
Err(degree), Accel Err(m/s?) and SUCD(mm).

Implementation Details

We build our framework on PyTorch 2.0.0 and CUDA 11.8
and run the whole process on a server equipped with an In-
tel(R) Xeon(R) 444 E5-2678 CPU and 8 NVIDIA RTX3090
GPUs. For PCM, we set 6 to 100, A\ to 0.1 and n;¢e, to 2 to
get a stable matching. During the training of SPO, we train
the network over 500 epochs with batch size of 32 and se-
quence length of 32, using an initial learning rate of 10~4,
and AdamW optimizer with weight decay of 10~%. We set
A1 = 1, A2 = 1, A3 = 0.01 throughout our experiment.
As for SMPL solver, we set Ay = 1, Ay = 0.2, \¢ = 10
and A\; = 1. For the experiment, we consistently employed
the SURREAL (Varol et al. 2017) dataset for pre-training
throughout our experimental procedure, mirroring the ap-
proach adopted by LiveHPS. Following this, we pre-train the
WHAM method on the SURREAL dataset and subsequently
refine it through fine-tuning on both the Freemotion (Ren
et al. 2024) and Human-M3(Fan et al. 2023a) datasets.

Comparison
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Figure 3: Qualitative comparisons. We show the global hu-
man mesh with point cloud, the point cloud matches the re-
sult better, representing more accurate estimation.

We evaluate our Freecap with SOTA method LiveHPS,
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WHAM and our designed calibration-based method in the
testing dataset of FreeMotion and Human-M3 to demon-
strate the effectiveness in multi-person large-scale scenes
and the generalization in different novel views of cameras,
here we only use single LIDAR and single camera as the in-
put of FreeCap, the Human-M3 only provides the merged
point cloud from all LiDARs. Our method achieves SOTA
as shown in Tab. 1, it is worth noting that WHAM estimates
the translation based on the provided location in the first
frame. It is unfair for other methods, which are information
independent of the starting frame, so we do not show the
WHAM’s global evaluations. FreeCap achieves significant
improvement, especially in J/V Err(PS) and Ang Err, which
reflect the accuracy of human local pose, other global eval-
uations also improved based on the better local pose esti-
mation. Since there is no calibration-based LiDAR-camera
fusion method, we also design a simple calibration-based
method based on the transformer framework, while FreeCap
is efficient with more expandable sensor settings. To eval-
uate the generalization of our calibration-free strategy, we
also evaluate WHAM and FreeCap in the testing dataset
with the novel view of camera. FreeCap can maintain perfor-
mance stability when input data from unknown perspectives,
while the performance of WHAM deteriorates significantly.
The visual comparisons presented in Fig. 3 further under-
score the superiority of our method in both pose and shape
estimations, such as the first line, the LiveHPS estimates the
incorrect human upper limb pose because of the occlusion
in point cloud and WHAM estimates the incorrect human
body shape because lack of depth information, while our fu-
sion method utilizes the information from image to optimize
the limb pose.

Ablation Study

We evaluate the superiority of each module in Human-M3
and FreeMotion. To prove the efficiency of our matching al-
gorithm, we evaluate the matching accuracy and the frames
per second(FPS) when inference in Human-M3. Finally, we
also evaluate our sensor-expandable network framework in
FreeMotion by adding more cameras.

Network Architecture. As Tab. 2 shown, the PCM mod-
ule without matching refinement results in incorrect hu-
man matching pairs because of the similar body pose in the
scenes, incorrect matching results in a significant effect for
our calibration-free multi-modal fusion. In our SPO, we uti-
lize the temporal interaction and the multi-sensor interac-
tion, the result proves the significant improvements in both
interactions. The more direct fusion strategy is to use the
body pose estimated from camera and LiDAR for fusion,
since the body pose is perspective-independent intermedi-
ate results, but it lost the raw data information. Moreover,
FreeCap can predict the calibration matrix for calibration-
based fusion, but the method cannot dynamically learn the
useful information in different sensors.

Matching Strategy. To further demonstrate the accuracy
and efficiency of our matching method, we conduct a de-
tailed ablation study on the PCM, as shown in Tab. 3. The
“KPs” represents we calculate all 2D key points and all 3D
key points in every possible matching pair, which requires



‘ Human-M3

| FreeMotion

\J/V Err(PS){ J/V Err(PST)) Ang Err| Accel Errl SUCDH J/V Err(PS)]. J/V Err(PST)] Ang Err] Accel Errl SUCDJ

WHAM | 69.42/83.35 - 10.13 9.20 - 82.83/97.55 - 12.24 4.51 -

WHAM(NV) |85.50/101.44 - 10.42 9.25 - 108.16/124.52 - 19.89 4.49 -
LiveHPS | 57.81/71.27 97.11/103.10  10.44 12.58 6.75 | 59.30/73.12 100.81/109.09 13.10 6.18 4.97
Cali-based | 58.18/71.24 98.37/104.76  10.06 9.69 6.70 | 57.33/69.37 99.36/106.24  12.53 5.99 5.00
Ours 55.45/68.52 96.47/102.67 9.14 9.60 6.66 | 53.31/65.50 95.97/102.91 11.14 5.97 4.82
Ours(NV) | 56.24/69.25 96.45/102.46  9.17 9.59 6.58 | 57.37/69.61 99.20/106.15 11.74 6.08 4.96

Table 1: Comparison with state-of-the-art methods on various datasets. Notably, the “Cali-based” method is our designed
LiDAR-camera fusion method based on calibration information. “NV” represents the novel view of the camera in the test

dataset.

| Human-M3 | FreeMotion
‘J/V Err(PS)) J/V Err(PST)] Ang Err| Accel Err) SUCDHJ/V Err(PS)J J/V Err(PST)) Ang Err| Accel Err] SUCDJ
w/o MT-Refine| 59.01/ 73.07 103.44/110.03  9.29 9.94 8.00 - - - - -
w/o Temp-Int | 59.55/73.78 103.79/110.60  9.35 9.71 8.06 |55.48/68.09 97.54/104.81 11.47 6.20 11.79
w/o Sensor-Int | 58.33/72.16 98.38/105.22  9.96 9.56 6.66 |59.84/73.40 100.87/108.90 12.91 6.08 11.74
Body Pose | 58.84/75.81 97.90/107.46  13.10 13.10 6.12 |56.97/70.48 98.43/106.64 12.65 6.55 5.08
Calibration | 59.46/72.77 98.70/105.07  10.13 9.66 6.62 |58.57/71.21 100.17/107.38 12.23 6.15 4.98
Ours | 55.45/68.52  96.47/102.67 9.14 9.60 6.66 |53.31/65.50 95.97/102.91 11.14 5.97 4.82

Table 2: Ablation study for our network modules and multi-modal fusion methods.

»— sase) Buissi\| —(- sjie3ag buiysep ~

Figure 4: Visualization of our matching results in Human-
M3. The view of camera and LiDAR is different, while the
location of camera is labeled by the camera logo. We zoom
in on some cases on the right.

the time complex is O(n™). The “KP” represents we ran-
dom select 3D key points of one person and calculate with
all 2D key points, the time complex is O(n) but the accu-
racy decrease. “Pose” represents we only use the estimated
body pose for single frame matching and “P & T” repre-
sents we use the sequential body pose for sequence match-
ing. “P & K” represents our matching method for single
frame matching without temporal information. Our method
achieves the highest accuracy while balancing efficiency.
Fig. 4 demonstrates our method’s performance in extremely
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| KPs KP Pose P&K P&T|P&T&K
Acc.(%)189.88 77.07 81.59 85.87 96.01 98.10
FPSt | 0.08 12.06 127.47 3.40 309.28| 159.49

Table 3: Ablation study for our matching method in Human-
M3.

complex scenes with ten individuals, our method works well
even if some persons in the camera are missing.

Conclusion

In this paper, we introduce a novel hybrid MoCap system
that works in open environments without calibration, lever-
aging single LiDAR and expandable cameras. Our approach
integrates the strengths of LiDAR and camera-based meth-
ods, utilizing cross-modal matching to effectively align and
predict human poses in multi-person scenes. By combining
2D and 3D key points and optimizing the calibration ma-
trix, our method adjusts matching conditions dynamically,
ensuring accurate and robust motion capture. The extensive
experiments demonstrate that our method achieves SOTA,
offering a flexible and expandable solution for complex mo-
tion capture scenarios.
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