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Abstract

Several methods have been proposed to estimate 3D hu-
man pose from multi-view images, achieving satisfactory
performance on public datasets collected under relatively
simple conditions. However, there are limited approaches
studying extracting 3D human skeletons from multimodal
inputs, such as RGB and point cloud data. To address this
gap, we introduce LiCamPose, a pipeline that integrates
multi-view RGB and sparse point cloud information to es-
timate robust 3D human poses via single timestamp. We
demonstrate the effectiveness of the volumetric architecture
in combining these modalities. Furthermore, to circum-
vent the need for manually labeled 3D human pose annota-
tions, we develop a synthetic dataset generator for pretrain-
ing and design an unsupervised domain adaptation strategy
to train a 3D human pose estimator without manual an-
notations. To validate the generalization capability of our
method, LiCamPose is evaluated on four datasets, including
two public datasets, one synthetic dataset, and one chal-
lenging self-collected dataset named BasketBall, covering
diverse scenarios. The results demonstrate that LiCamPose
exhibits great generalization performance and significant
application potential. The code, generator, and datasets are
available at https://github.com/Yu-Yy/LiCamPose.

1. Introduction

Human pose estimation is a fundamental task in com-
puter vision and has been widely applied in various fields,
such as human-computer interaction, human activity recog-
nition, sports analytics, augmented reality, etc. Specifically,
multi-view image datasets [4,24,27,54] allow more precise
3D human pose estimation compared to single-view ones
[1,26,36,62], due to the ability of multiple views to capture

*Jianjiang Feng is the corresponding author.
This work was supported in part by the National Natural Science Foun-
dation of China under Grant 62376132 and 62321005.

Pointcloud

Yifan Chen Jianjiang Feng* Jie Zhou

g BasketBall O LiCamPose
|
! .
| [ ‘N_ Pretraining
} | Pose Estimation
|
|
|
|

SyncHuman

Pose Estimation
Domain Adaption

o

|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
Pointcloud |
|
|
|
|
|

Figure 1. The LiCamPose pipeline for extracting 3D poses, as ex-
emplified by the BasketBall dataset, involves pretraining on syn-
thetic data from SyncHuman, followed by detecting and tracking
individuals, and finally using unsupervised domain adaptation to
estimate poses.

3D information from epipolar geometry. As technology ad-
vances, researchers [25,35,47,52,59] have achieved promis-
ing results on current public multi-view images datasets.
However, practical scenarios are more challenging than ex-
isting public datasets, with diverse human motions, severe
occlusions, and large scene.

Fusing LiDAR point clouds with RGB camera informa-
tion has been demonstrated to significantly enhance ob-
ject detection and tracking performance [38, 57], leverag-
ing their complementary nature. LiDAR sensor can ob-
tain precise but quite sparse 3D measurements over long
range, while camera can capture images of high resolution
but lacks depth perception. Zhang et al. [61] introduced
a LiDAR-Camera capturing system capable of simultane-
ously providing texture and depth information over a wide
coverage range. This advancement enables the capture of
complex human activities, such as basketball games, using
a minimal number of sensors, which is advantageous for



system setup and cost reduction. However, their applica-
tion has thus far been limited to human detection and track-
ing. In recent years, some researchers [8, 14] have aimed
to improve human pose estimation performance by tempo-
rally fusing these two modalities from a single view. Multi-
view information fusion [47,52,58] is the most effective ap-
proach to address the inaccuracy of pose estimation caused
by occlusion in single-view methods. It is essential to con-
sider integrating the information from multiple modalities
and multiple views, and fusing them into a cohesive repre-
sentation which can significantly facilitate the accuracy of
3D human pose estimation.

In this paper, we introduce LiCamPose (Figure 1), a
3D human pose estimation pipeline that utilizes multi-view
single-timestamp LiDAR-Camera inputs. We unify differ-
ent modalities into a volumetric space that reserve each
modality’s geometric characteristics which facilitates bet-
ter realization of single-person 3D pose estimation. Re-
searchers [25, 47, 52, 58] have shown the effectiveness of
voxel-based method. Volumetric architecture can naturally
model a space’s geometric characteristics. Besides, it is
straightforward to either map the point cloud information
or back-project the 2D information into the 3D volumet-
ric representation. Regarding how to achieve multi-person
detection, some pointcloud-based methods [32,38,46] illus-
trates that they can detect objects accurately with the assist
of point cloud. Hence, LiCamPose combines human detec-
tion and voxel-based 3D human pose estimation in a top-
down manner.

Manually annotating or capturing 3D poses for multiple
individuals in large scenes is challenging, time-consuming,
and difficult. To achieve better results across diverse sce-
narios without relying on pose labels, we adopt a two-stage
approach: first, pretraining on a synthetic dataset, and then
performing unsupervised domain adaptation training on the
target dataset. We have developed a synthetic dataset gen-
erator named SyncHuman for pretraining. SyncHuman can
produce a large volume of synthetic data with multi-modal
information, allowing us to adjust LIDAR and camera set-
tings in scenes to meet practical requirements. Moreover,
avatar actions are varied and sourced from existing action
files or pose annotation files from public motion capture
datasets like AMASS [41]. Consequently, the synthetic data
includes accurate 3D pose ground truth for groups of people
engaging in complex actions.

To bridge the gap between synthetic data and real-world
scenarios, we adopt unsupervised domain adaptation train-
ing and propose an efficient strategy that includes entropy-
guided pseudo 3D pose supervision, pseudo 2D pose super-
vision, and constraints based on human pose priors. Using
volumetric representation, our approach yields 3D human
joint heatmaps, with each channel representing a joint’s
probability distribution. We calculate each channel’s en-

tropy to gauge confidence in the corresponding joints, fil-
tering out implausible poses and deriving pseudo 3D pose
labels during unsupervised domain adaptation. We utilize
off-the-shelf 2D pose estimation methods [7, 13,51, 56] to
generate pseudo 2D pose labels for supervision. Addition-
ally, we introduce an intuitive human prior loss to enforce
coherence in the predicted 3D poses. By integrating these
methodologies, we develop a 3D human pose estimation
algorithm that leverages multi-view point cloud and RGB
data without requiring annotations on the target dataset. To
further validate LiCamPose, we built a four-view LiDAR-
Camera system to capture a basketball game, creating the
BasketBall dataset for qualitative evaluation of our method.

We summarize the contributions of this paper as follows:

* We propose LiCamPose, a simple and effective
pipeline for fusing multi-view, sparse point cloud and
RGB information to estimate 3D poses of multiple in-
dividuals from single timestamp.

* We developed SyncHuman, a generator for synthetic
data under various camera and LiDAR settings. Addi-
tionally, we created a four-view LiDAR-Camera sys-
tem to capture real data from a basketball game, re-
sulting in the BasketBall dataset.

* We propose a training strategy that avoids manual
annotations by pretraining on synthetic data from
SyncHuman and using unsupervised domain adapta-
tion on the target dataset.

2. Related Works

In this section, we conduct the literature review accord-
ing to the three contribution points we proposed.

2.1. 3D Human Pose Estimation

Image-based. The basic 3D pose estimation method typ-
ically follows a two-stage process: first estimating the 2D
pose and then lifting it into 3D space [10,25,35,47,52,55].
For multi-person settings, some methods [10, 35] match
pedestrians from different views and locate them through
2D pose similarity. However, these methods are not robust
to inaccurate 2D pose results. Zhang et al. [59] directly
use 2D images as inputs and regress the 3D pose with a
transformer architecture, but their training process is time-
consuming. Voxel-based methods [47,52] locate each per-
son in a 3D volumetric space and estimate 3D poses, sig-
nificantly improving the precision of 3D human pose esti-
mation. However, these voxel-based methods are not suit-
able for large scenes due to their high computational cost
when detecting people. LiCamPose utilizes pointcloud-
based method to locate and track pedestrians, and then em-
ploys voxel-based pose estimation for each individual.



Table 1. Comparison of synthetic datasets related to human.

Synthetic Scene setup Labels
Dataset Multi-  Muli- RGB Depth LiDAR 2D 3D
View Person  Image Image Pointcloud  Pose Pose
CAPE [40] X X X X X X v
SURREAL [53] X X v v X v v
PSP[12] X X v X X 4 X
AGORA [44] X ' 4 X X 4 v
BEDLAM [6] X '4 v X X X v
BlendMinic3D [37] v v/ v X X v v
CALAR [11] v "4 4 v v X X
Ours v "4 4 v v "4 v

Pointcloud-based. Initially, several 3D pose estimation
methods were based on single-view depth maps [15,20,22,

], treating the depth map as 2D information with depth
values. Conversely, some methods back-project the depth
map into 3D space as a dense 3D point cloud and utilize
PointNet networks [3, 64]. Moon et al. [43] proposed a
single-person pose estimation approach that treats the depth
map as a point cloud and fills it into a volumetric space.
Bekhtaoui et al. [3] employed a PointNet-based approach
to detect and estimate 3D human pose. More recently, Li
et al. [33] used sparse LiDAR-scanned point clouds to es-
timate the 3D pose of a single person. Zhang et al. [60]
enhanced performance by incorporating the point cloud sur-
rounding the person as a neighborhood context. However,
temporal information is essential for the effectiveness of
both approaches. Sparse point clouds from single times-
tamp do not provide sufficient information for accurate 3D
pose estimation. Multi-modal fusion is beneficial for pre-
cise 3D human pose perception.

Multi-modal based. Several works have been introduced
for RGBD human pose estimation [2, 17,21, 65], demon-
strating that multi-modal information not only aids in de-
tecting individuals but also ensures the accuracy of 3D hu-
man pose estimation. And recently, researchers [8, 14] tried
to fuse the RGB and point cloud temporal information from
singe view to improve the pose estimation accuracy. How-
ever, they rely on temporal information for supplementa-
tion, and when a single view is occluded for an extended
period, the methods fail to make accurate predictions. Re-
garding point cloud and RGB information fusion methods,
some approaches [3, 21, 65] fuse these modalities at the
point level by attaching extracted 2D features to each 3D
point. A few methods [34,45] employ a feature-level fusion
strategy. Nevertheless, these methods do not integrate the
different modalities in a feature space that preserves each
modality’s spatial properties. In contrast, LiCamPose em-
ploys a volumetric representation to integrate point cloud
and RGB data from multiple views within a single times-
tamp, preserving the spatial properties of the real-world en-
vironment and mitigating the impact of occlusion.

2.2. Synthetic Dataset Generation

Manually annotating 3D human poses is extremely chal-
lenging. Therefore, synthetic datasets are beneficial and
useful for pretraining models. Several synthetic datasets
for 3D human pose estimation have been developed [0, 12,

,40,44,53]. However, these datasets typically feature an
RGB photo from one view with random backgrounds and
do not consider the realistic interaction between avatars and
their environment. Additionally, they all lack the provision
of point cloud information. Dosovitskiy et al. [1 1] provide
a large-scale synthetic dataset for autonomous driving, but
it lacks 3D human pose labels, and the actions of the char-
acters are monotonous.

We introduce our synthetic dataset generator, SyncHu-
man, which can produce data with greater richness and di-
versity (Table 1). Furthermore, we will release the genera-
tion tool, allowing researchers to adjust settings according
to their needs via our provided APIs

2.3. Unsupervised Domain Adaption Training

Numerous works have focused on unsupervised or do-
main adaptation methods for single-view 3D human pose
estimation. Kocabas et al. [29] use multi-view geometry to
supervise single-view predictions. Several methods [30,49]
employ a teacher-student framework for domain adapta-
tion. Some approaches [9, 63] utilize optical flow or depth
as inputs, which are less affected by domain shifts com-
pared to RGB. Bigalke et al. [5] incorporate human prior
loss based on human anatomy, while Kundu et al. [31] de-
fine the uncertainty of predictions and control this uncer-
tainty during training. For multi-view 3D human pose gen-
eration, some works use non-deeplearning methods [4,48].
3DPS [4] and basic triangulation achieve 3D poses with sig-
nificant computational complexity or inaccuracy. Remelli
et al. [48] proposed an efficient direct linear transformation
(DLT) method that quickly produces relatively accurate 3D
results.

Our approach utilizes multi-view 2D pose heatmaps de-
rived from RGB data alongside point clouds, ensuring min-
imal impact from domain variations. We utilize information
entropy to help select reliable results as pseudo 3D labels.
Additionally, we incorporate a human prior loss to ensure
the plausibility of 3D poses.

3. Methodology

We introduce LiCamPose from two perspectives: 3D hu-
man pose estimation and unsupervised domain adaptation
(Figure 2). Section 3.1 details the top-down approach for
3D human pose estimation. Section 3.2 explains how we
generate the synthetic dataset to support the training of the
pose estimation model using point cloud and RGB data, and
how we utilize information entropy and human prior loss to
achieve domain adaptation.
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Figure 2. The detailed structure of LiCamPose in 3D human pose estimation and its corresponding losses calculations.

3.1. 3D Human Pose Estimation

Similar to [10,47,52], we adopt a top-down approach
to estimate 3D poses. Specifically, we use PointPillars [32]
to detect the 3D bounding box of each person. Once we
obtain the 3D bounding box, we derive the 2D bound-
ing box in each view for 2D pose estimation and extract
the corresponding point cloud. Initially, we define a volu-
metric space centered at the point cloud’s centroid, with a
size consistent with the detected bounding boxes, and dis-
cretize it into an X X Y x Z resolution. We fill each voxel
based on the coordinates of the point cloud, assigning a
value of 1 to voxels containing points from the point cloud.
This allows us to obtain the pointcloud-related feature map
[, € RFvXXXYXZ yging the 3D convolutional backbone
V2V-Net [43].

With the development of 2D pose estimation methods
[13, 56], robust 2D pose results can be predicted using
off-the-shelf techniques. We use these methods to obtain
2D pose heatmaps from RGB information of each view.
These multi-view heatmaps are then back-projected into
the volumetric space according to each camera’s settings,
and V2V-Net is used to extract the RGB-related features
fo € RF2XXXYXZ We concatenate the features from both
modalities in the same 3D feature space to get fusion fea-
ture f and obtain the final 3D human pose heatmap h via
Fusion-Net, which has the same structure as V2V-Net. To
mitigate quantization error, we adopt Soft-argmax to calcu-
late each joint’s 3D coordinate .J* from the 3D heatmaps
and minimize the L; loss with the ground truth J*:

K
£pose = Z H']k - ']f
k=1

y (1)

where K is the number of joints and J* is the predicted
joint, Jk, Jk € R3.

3.2. Unsupervised Domain Adaptation

Due to the lack of annotated multi-view LiDAR-Camera
3D human pose datasets, we opted to generate a synthetic
dataset to assist with training. Our designed SyncHuman
can create 3D dynamic scenes with multiple persons and
accurate labels. Additionally, we developed an efficient un-
supervised domain adaptation method by designing a loss
function to transfer the pretrained model from the synthetic
dataset to a real-world dataset.

3.2.1 SyncHuman Generator

We developed the synthetic system based on the Unity En-
gine. Its flexibility and productivity allow us to create
scenes with specific sizes and backgrounds according to our
requirements. For sensors, we use Unity’s built-in camera
to obtain RGB images and extract depth information from
the GPU’s depth buffer using custom shaders in the render-
ing pipeline. Additionally, we can generate colored point
clouds by sampling the depth and RGB images. To simulate
the LiDAR scanning process, we sample points according to
a time-based scanning function. We currently focus on the
Livox Mid-40 LiDAR due to its affordability for sports or
surveillance applications. We use the following function to
simulate its scanning process:

r = a X c0s(3.825 x (fp + 0.0017 x n)), 2)

where n € [0,¢ x 1eb] and ¢ is in second. « is the scanning
radius in pixel, and 6 is a random initial angle. This equa-
tion is defined in polar coordinate. Final sampling points
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can be acquired by transforming it from polar coordinates
to Cartesian coordinates and translating it to the center of
the image space.

For the avatars, we download various human 3D mod-
els from Adobe Mixamo'. To ensure the diversity of the
generated actions, these avatars can be driven by either pre-
made action files or keypoint annotations from other public
datasets such as AMASS [41]. We have developed driving
APIs for COCO17, COCO19 [36], and SMPL [39] standard
keypoint annotated inputs. Regarding ground truth data, we
can obtain the 3D human pose from the avatars’ humanoid
skeleton; the 2D pose label can be acquired by projecting
the 3D pose into 2D views. Additionally, we can fetch the
mesh vertices of each avatar and compute the semantic seg-
mentation label for each point cloud by considering the pose
label simultaneously.

Thttps://mixamo.com

We can use SyncHuman to simulate any arrangement of
sensors to observe a scene. As demonstrated in the ex-
periments in our paper, using the same scene setting for
both training and testing yields better transfer performance.
Figure 3 compares the datasets we generated, Panoptic-
Sync and BasketBallSync, with the original datasets. Since
SyncHuman allows for flexible sensor placement, the distri-
bution of the number of point clouds scanned per person in
the simulation closely approximates the real-world distribu-
tion (Figure 4).

3.2.2 Unsupervised Domain Adaptation

Similar to the 2D projection supervision used by other unsu-
pervised or weakly supervised methods [18,29], we directly
utilize an off-the-shelf 2D human pose estimation method to
obtain the pseudo 2D pose label J2D. The 2D loss £2D is
computed by calculating the Ly norm between the 3D pose
projection results and the pseudo 2D label from each view:

vV K
Lo =YY [P =T, @

v=1 k=1 2

where P is the projection function. V is the number of
views. To obtain the pseudo 3D label, we use information
entropy as an uncertainty index. The entropy of a keypoint
prediction heatmap (a spatial probability distribution) h* is
defined as:

H(hF) = = h¥ xloght, @)

where ¢ represents the voxel index. Higher entropy indicates
greater uncertainty in the keypoint location. Moreover, as



observed in our experiments (Section 4.5), there is a corre-
lation between entropy and the rationality of the keypoint
location.

To measure a person’s uncertainty, we use the maximum
entropy value of all keypoints. Unlike Kundu et al. [31],
who train a model to learn the uncertainty values, we di-
rectly calculate and use entropy as an inherent index. Our
experiments demonstrate that the magnitude of entropy val-
ues can serve as an indicator of pose estimation quality for
a specific network. Consequently, an entropy threshold A
can be set to filter out the reasonably predicted 3D human
poses. Specifically, we select the predicted pose p whose
entropy value is less than A as the pseudo 3D pose label
for the next epoch’s training, allowing it to be updated af-
ter each training epoch. Therefore, the 3D pseudo pose loss
can be obtained by:

K
N S
k=1

where J* represent the predicted joints and J* is the 3D
joint of the selected pseudo 3D pose label p.

To further ensure the anatomical plausibility of the pose,
we design a human prior loss Lpyior>. Specifically, we for-
mulate three losses to penalize asymmetric limb lengths
(Lsymm), implausible joint angles (Langle), and implausible
bone lengths (Liength)-

In summary, the final loss function is defined as:

Eunsup =wLop + wzl(ﬁ < /\)‘C3D + w3£prior7 (6)

where wy, w, and ws are the weights of each loss, and 1(+)
represents the indicator function.

4. Experiments

In this section, we introduce all datasets and evaluation
metrics used in our experiments. We analyze the perfor-
mance of our LiCamPose pipeline in supervised and unsu-
pervised manner on different datasets. Additionally, we ex-
amine the impact of different configurations on the results
in the context of unsupervised domain adaptation.

4.1. Implementation details.

We use V2V-Net [43] as the feature extractor for point
cloud and RGB information. The detailed design of V2V-
Net follows the PRN model [52]. The resolution of the
voxel grid is set to 64 x 64 x 64 within a 2m X 2m X 2m
space. The weights are set as w; = 0.02, ws = 1, w3 = 10,
and A = 6. We train the voxel-based pose estimation net-
work on an NVIDIA GeForce RTX-3090 with a batch size
of eight. The learning rate is set to 0.001, and the optimizer
used is Adam [28].

2Please refer to the Supplementary Material for details.

4.2. Datasets and Metrics.

We use the following datasets in our experiments:
I. CMU Panoptic Studio [27]. The setup is indoors with a
valid scene range of approximately 5m x 5m. For multi-
modal inputs, we select subsets® from [35] that include
depth information. We unify the depth data from Kinect 1
to 5 and process these depth maps using equation 2 to obtain
a sparse point cloud, similar to Mid-40 Livox LiDAR scan-
ning. For 2D pose estimation, we use the results from [35],
predicted with HRNet [51].
II. MVOR [50]. The dataset was collected indoors in an
operating room. We use three sampling functions (equa-
tion 2) centered at three trisection points of the image width
to simulate Mid-100 Livox LiDAR scanning. For 2D pose
estimation, we use results from [50], predicted using Al-
phaPose [13]. Due to a semantic keypoints’ definition gap
between MVOR (ten keypoints) and our COCO17 standard,
we only perform qualitative analysis on MVOR. Data from
“dayl, day2, day3” are used for training, and “day4” for
testing.
II1. BasketBall. The dataset was collected outdoors, cov-
ering a valid scene range of approximately 35m x 17m,
recording a basketball match. We gathered this real-world
dataset with four-view RGB-poincloud information. The
point clouds were collected using four Mid-100 Livox Li-
DARs, and the 2D pose estimation results were predicted
by VitPose [56]. The dataset comprises two segments,
each containing two thousand frames. It includes manually
marked detection and tracking ground truth for each frame
but lacks 3D keypoints ground truth. Therefore, it is pri-
marily used for qualitative analysis.
IV. BasketBallSync. This synthetic dataset was generated
using SyncHuman with the same sensor configuration and
settings as BasketBall dataset. The point cloud is obtained
by simulating the scan pattern of Mid-100 Livox LiDARs.
It contains ten avatars downloaded from Mixamo* perform-
ing random actions, with the first eight used for training
and the remaining two for testing, across all 3336 frames at
10Hz. We utilize the pose data from the “CMU” track of
AMASS [41] to animate the avatars. The 2D human poses
are predicted using VitPose [56].
Evaluation metrics. To evaluate the 3D human pose, we
calculate the mean per-joint position error (MPJPE) and the
error after Procrustes Alignment (PA-MPJPE), both in mil-
limeters [19]. For fairness, we compare our results to meth-
ods using single-timestamp data inputs similar to ours.

34160422 ultimatum1”, “160224 haggling1”, “160226_haggling1”,
“161202_haggling1”, “160906_ian1”, “160906_ian2”, “160906_ian3”, and
“160906_band1” for training; “160906_pizzal”, “160422_hagglingl”,
“160906_ian5”, “160906_band2” for testing.

4Character 2, 6, 11, 22, 23, 31, 37, 38, 42 and a kid model named
“Gregory”.
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Figure 5. Three examples of 3D human pose estimation on
MVOR. Blue lines represent predictions, green lines represent
ground truth. The first three columns show 2D projections from
different views, and the fourth column shows the 3D pose results.
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Figure 6. Qualitative illustration on the BasketBall dataset from
different input modalities. The first row shows 2D pose estima-
tions (missing where not estimable) and point clouds. The second
row displays results from using only RGB input, with 2D poses
projected from the estimated 3D poses. The third row presents re-
sults from using both RGB and point cloud inputs.

4.3. 3D Pose Estimation Analysis

In this section, we evaluate the 3D human pose estima-
tion results using different approaches. For PlaneSweep-
Pose [35], VoxelPose [52], and supervised LiCamPose, we
incorporate ground truth person locations during both train-

Table 2. Comparison of different 3D pose estimation methods on
Panoptic and BasketBallSync.

Methods 'IM‘r::ll:ll:rg Panoptic BasketBallSync
MPIPE PA-MPIPE MPJPE PA-MPJPE
MvP [59] supervised 25.78 25.02 291.11 240.32
PlanePose [35] supervised 18.54 11.92 119.55 65.80
VoxelPose(PRN) [52]  supervised 1491 11.88 40.80 34.34
LiCamPose supervised 14.44 11.61 31.84 27.36
DLT [48] unsupervised 38.26 44.77 101.49 62.77
LiCamPose unsupervisedt  22.00 15.96 72.92 62.72

T Pretrained on BasketBallSync during Panoptic evaluating and on Panoptic
during BasketBallSync testing. It is the same for Table 3 and 5.

Table 3. Comparison of Different Input Modalities for LiCamPose
on Panoptic and BasketBallSync.

Input Training Panoptic BasketBallSync
Modality Manenr MPIPE  PA-MPJPE MPJPE  PA-MPJPE
point cloud supervised 164.30 148.78 136.01 123.22
RGB supervised 14.91 11.88 40.80 34.34
RGB + point cloud  supervised 14.44 11.61 31.84 27.36
RGB unsupervised 25.72 17.24 263.05 183.85
RGB + point cloud  unsupervised 22.00 15.96 72.92 62.72

ing and testing phases. However, for MvP [59], its archi-
tecture does not accommodate direct integration of ground
truth detection information, making it unable to utilize
depth or point cloud data directly. For fairness, we evaluate
only the MPJPE @500 metric (considering only per-joint er-
rors less than 500 mm) for the matched person in the case
of MvP.

We evaluate these approaches on Panoptic Studio and
BasketBallSync datasets, representing small and large
scenes respectively. Table 2 demonstrates that LiCamPose
surpasses them in terms of both MPJPE and PA-MPJPE,
particularly in the large scene setting. Notably, unsuper-
vised learning LiCamPose even outperforms some super-
vised multi-view approaches with RGB inputs.

We evaluate LiCamPose using unsupervised domain
adaption on MVOR, and it achieves impressive perfor-
mance, occasionally outperforming ground truth in some
frames (Figure 5).

Additionally, we analyze the performance using differ-
ent modal inputs (point cloud, RGB, and both) in volumet-
ric representation. Table 3 illustrates that using Livox point
cloud information alone struggles to accurately extract the
3D human skeleton due to its sparsity, making it unsuitable
for unsupervised learning without 2D pseudo-labels from
heatmaps. However, combining it with RGB information
significantly enhances performance. Figure 6 demonstrates
that multi-modal inputs improve the model’s robustness to
2D pose estimation errors, even in challenging scenarios
such as mispredictions or incorrect person predictions, dur-
ing unsupervised domain adaptation training.

4.4. Unsupervised Domain Adaption

In this section, we conduct a detailed analysis of syn-
thetic dataset settings and ablation studies on the unsuper-



Table 4. Comparison of different scene setups. We simulated four different scene setups using the SyncHuman generator. It shows the
performance of LiCamPose when pre-trained on different scenes and directly applied to Panoptic Studio.

" Qo] Sensors’ Setting’ Metric
Scene’s Size
Number® Position Orientation =~ MPJPE PA-MPJPE
BaseketBall 4 BaseketBall BaseketBall — 82.61 93.41
BaseketBall 5 others Panoptic 77.90 60.42
Panoptic 5 others Panoptic 26.45 22.56
Panoptic 5 Panoptic Panoptic 23.15 17.63

1 Scene sizes are denoted with the names of the corresponding datasets.
2 Sensor settings are denoted with the names of the corresponding datasets. “Others” refers to

configurations with different settings.

3 BasketBall has 4 groups of sensors, and Panoptic Studio has 5 groups of sensors.

Table 5. Comparison of different unsupervised training strategies.

Unsupervised loss Panoptic BasketBallSync
L3p Lprior MPIJPE PA-MPJPE MPIPE PA-MPJPE
X X 29.14 16.48 84.49 75.55
v X 28.26 25.85 77.38 68.84
X "4 22.88 24.69 76.45 65.54
v 4 22.00 15.96 72.92 62.72

vised training Losses.

4.4.1 Synthetic Setting

Tu et al. [52] conducted an experiment training VoxelPose
with a dataset’s camera configuration and human poses
from other sources, then evaluating the model directly on
another dataset. In this section, we further analyze the im-
pact of scene settings in volumetric architecture. We simu-
lated four different scene setups using the SyncHuman gen-
erator, varying sensor positions and orientations to modify
camera parameters and scene sizes. Table 4 demonstrates
that the closer the scene setups resemble each other, the bet-
ter the model performs. This suggests that in practical ap-
plications, aligning synthetic data with the sensor arrange-
ment and scene range of the target dataset can enhance the
performance of unsupervised domain adaptation or direct
inference in new scenarios.

4.4.2 Ablation Study on Unsupervised Training Losses

For unsupervised domain adaptation, pseudo 2D pose su-
pervision serves as the baseline necessity. Additionally, we
incorporate an interpretable human prior loss and a pseudo
3D pose loss (selected based on entropy values) to aid in
learning. Thus, we conduct an ablation study to analyze
the impact of these two losses. According to Table 5,
the entropy-selected pseudo 3D pose loss improves perfor-
mance, and the prior loss ensures predicted poses remain
within a reasonable action range. Therefore, we adopt both
losses as part of our effective training strategy.

0.6 B reasonable
mmm unreasonable

3 35 4 45 5 55 6 65 7 715 8 85
entropy

Figure 7. Entropy distributions of reasonable and unreasonable
predicted 3D poses.

4.5. Entropy Analysis

To explore the relationship between entropy values and
pose rationality, we categorized some 3D poses predicted
by LiCamPose as either reasonable or unreasonable manu-
ally. Figure 7 illustrates the distribution of entropy values
for these categories. Natural division of poses occurs based
on an entropy threshold. Therefore, the average entropy
value can serve as an indicator of a model’s performance
on an unlabeled dataset.

5. Conclusion

In this paper, we propose LiCamPose, a pipeline for
3D human pose estimation using multi-view RGB and
sparse point cloud data. To facilitate unsupervised train-
ing, we introduce SyncHuman, a synthetic data generator,
and develop specific unsupervised training losses for do-
main adaptation. Through extensive experiments on syn-
thetic and real-world datasets, we demonstrate the robust
learning capabilities of our pipeline for 3D human pose esti-
mation. Additionally, we investigate the influence of scene
settings and unsupervised training losses, and explore the
relationship between entropy values and pose plausibility.
In future work, we aim to expand SyncHuman’s scenarios
and integrate temporal information to further enhance esti-
mation accuracy.
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6. Different Scanning Patterns of Point Cloud

There are various methods to obtain or scan the point
cloud: 1) randomly sampling the depth map; 2) sampling
the depth map using multiple equidistant horizontal lines to
mimic Velodyne LiDARs; and 3) sampling the depth map
with the “"Rose curve” sampling equation as discussed in
our paper to replicate Livox LiDARs. Figure 9 illustrates
that the “Rose curve” sampling equation yields minimal
information due to its localized concentrated scan. How-
ever, Livox LiDARs are more cost-effective than Velodyne
LiDARs and have been employed in numerous applica-
tions, including surveillance. Additionally, our Baseket-
Ball dataset is captured using Livox LiDARs. Therefore,
we adopt the Livox scanning pattern to simulate the point
cloud scanning in our experiments.

7. BaseketBall

BasketBall is an outdoor dataset capturing a basketball
match using four sensor nodes, each comprising one Livox
LiDAR and one RGB camera, in a convergent acquisition
setup. The dataset presents challenges due to its extensive
coverage, occlusions, and the dynamic motions of the play-
ers (Figure 3). We have developed an annotation tool to la-
bel the players’ 3D bounding boxes and IDs. In the future,
we plan to integrate 3D human keypoint annotation into the
tool with the assistance of LiCamPose.

8. The Detailed Structure of V2V-Net and
Fusion-Net

Figure 8 shows the detailed structure of V2V-Net and
Fusion-Net. ¢ = 1 for the one of point cloud information
and 7 = K for the one of RGB information, K is the number
of joints. X, Y, Z represents the setting of volumetric space,
and F'represents I} and F'2. As indicated in the legend, the
yellow arrow represents a standard 3D convolutional layer,
while the blue arrow denotes a Residual Block consisting of
two 3D convolutional layers. As indicated in the legend, the
yellow arrow represents a standard 3D convolutional layer,
while the blue arrow denotes a Residual Block consisting of
two 3D convolutional layers.

9. Human Prior Loss

We designed the human prior loss to encourage the net-
work to generate human-like 3D keypoints. The human
prior loss comprises three components: 1) the predicted

bone lengths should be within a reasonable range; 2) the
predicted lengths of symmetric bones should be similar; and
3) the predicted bone angles should be reasonable according
to human kinematics.

We set a limited length range for all bones. In our case,
we set Inin = 0.05m and a3 = 0.7m. So the Liengm can be
defined as:

N
»Clength - ZC(Bz - lmaX7 0) + C(lmin - Bia 0)7 (7)
b=1

where C(-) is the clipping function that clip the value greater
than 0, N is the number of bones. As to the symmetric
bones, we set the symmetric bones as a pair, and set L, loss
among them. So the Lgymm can be defined as:

N

£symm = Z HBL - Bsymm(i)H27 (®)
b=1

where Bgymm 18 the symmetric bone of B;. As to angle loss,
we limit the nose-neck-midhip angle and hip-knee-ankle
angle specifically to let nose be in front of the body and
legs be bent forward. Figure 10 shows the definition of each
joint and vectors. Specially, we do not directly calculate the
angle of the bones, but calculate the dot product of corre-
sponding vectors. First, we calculate the forward direction
vector dgorwarg Of the body, which is the cross product of the
unit vector from neck to midhip JyJ, and unit vector from
neck to left shoulder m:

- _— =
diorward = JoJ2 X JoJ3, 9

Then, as to the nose-neck-midhip angle, we calculate the
unit vector from neck to nose J;Jy denoted by ci;me, and
we calculate the dot product of J;lose and J;brward and get the
head angle loss:

ﬁheadjmg - C((jforward : J:dosey 07 1)7 (10)

where C(+) is the clipping function that clip the value into
0 to 1. As to the hip-knee-ankle angle, we need to get the
midpoint of the hip and ankle denoted by ¢; and ¢, for left
leg and right leg respectively. Then, we calculate the unit
vectors from knee point to the leg’s midpoint as dﬁueg and

—

d: 1co. Therefore, we get the leg angle loss:

ﬁleg,ang = C(d_;'orward . d;,legv O, 1) + C(d;orward : J;Jeg7 07(11)15)



Y z X z X v z X v z
2 2 1 4

X

. X=X — —X— 128 X —X — X —
iXXXYxZ 16X X XY XZ 32XXXYXZ 32XoXoXg  GdXoXoXo 6AXEXEXy e

TXTXT pool pool

—-—) —)

nxnxn
1x1x1 deconv deconv
<4 <4
[ comd | [ comad | b b ] ]

3x3x3 3x3x3 X Y 2z Y 64 XY Z 128 X Y Z
| y y 2 lt Zx—xZ X=X —X— X—X—X—
FXXXYXZ 32XXXYXZ R2XTXoXs  bAXZXoXZ 47474 4 4 4

Figure 8. The structure and detailed setting of V2V-Net and Fusion-Net.
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Figure 9. Different scanning patterns of point clouds. All samples
shown in this figure are from the same scene, captured at the same
time, and contain the same number of points.

Figure 10. Definition of Lagte.

where C(-) is the clipping function that clip the value into 0
to 1. Therefore, we can calculate the angle loss:

Eangle = Eheadﬂng + Elegﬂngy (12)

Finally, we combine the three losses together as the human
prior loss:

Lprior =M Elenglh + 72£symm + 73£anglea (13)

where 7;, 7, and 73 are the weights of each loss. In our
case, we set all the weights as 1.

Table 6. Human detection results on different datasets. “#”
means using synthetic datasets (BaseketBallSync and Panoptic-
Sync) to pretrain and directly evaluate on corresponding real-
world datasets.

Datasets Methods &
APsy APy

MVDet 69.41 37.66

BasketBall PointPillars# 88.17 44.26
PointPillars  89.77 69.96

VoxelPose 21.17  0.19

Panoptic  PointPillars# 40.17  6.25
PointPillars  73.83 13.97

10. Extended Experiments

In this section, we conduct experiments to verify the ad-
vantages of using point cloud input for pedestrian detection.
Additionally, we present more examples to explain the rela-
tionship between entropy value and pose rationality.

10.1. Human Detection

For evaluating human detection, we assess performance
using the established average precision (AP) metric as de-
scribed in KITTI [16]. We consider detections as true pos-
itives if they overlap by more than 70% (AP7y) or 50%
(AP50).

In our current experiment, we adopt PointPillars [32] to
detect human bounding boxes. For comparison with multi-
view RGB-based methods, we utilize VoxelPose’s CPN [52]
and MVDet [23], which is more suitable for large scene
applications. In the CMU Panoptic Studio setup, Voxel-
Pose [52] achieves relatively accurate center localization.
However, it sets the bounding box size to a constant value
(we use 0.8m x 0.8m x 1.9m for tighter results, compared
to 2m X 2m X 2m in [52]), which affects detection per-
formance. In the BasketBall dataset, we adopt MVDet to
detect humans. Table 6 shows that the point cloud-based
method outperforms the multi-view RGB-based method in
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Figure 11. The entropy value and the specific poses. — — repre-

sents an increasing entropy value from left to right among row’s
samples. The size of joints’ ball represents the magnitude of the
joint’s entropy value.

terms of AP5o and AP7q, benefiting from the 3D informa-
tion of the original point cloud. Additionally, we verify the
generalization ability of the point cloud-based method by
pretraining it on our synthetic dataset, and it still produces
acceptable results.

10.2. The analysis of unsupervised training losses.

Figure 12 qualitatively shows that these designed unsu-
pervised training losses significantly enhance robustness to
2D pose estimation errors.

10.3. Entropy Analysis

Figure 11 shows the entropy value and the specific poses,
and we can find that the 3D poses become more and more
irrational while the entropy goes up.
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Figure 12. Qualitative visualization on BasketBall about different unsupervised training losses. “Baseline” uses only pseudo 2D pose
supervision. “Entropy” indicates the addition of entropy-selected pseudo 3D pose supervision. ‘“Prior” denotes the incorporation of human
prior loss.
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