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Abstract

Multiple cameras can provide comprehensive multi-view
video coverage of a person. Fusing this multi-view data is
crucial for tasks like behavioral analysis, although it tradition-
ally requires camera calibration—a process that is often com-
plex. Moreover, previous studies have overlooked the chal-
lenges posed by self-occlusion under multiple views and the
continuity of human body shape estimation. In this study, we
introduce a method to reconstruct the 3D human body from
multiple uncalibrated camera views. Initially, we utilize a pre-
trained human body encoder to process each camera view in-
dividually, enabling the reconstruction of human body mod-
els and parameters for each view along with predicted cam-
era positions. Rather than merely averaging the models across
views, we develop a neural network trained to assign weights
to individual views for all human body joints, based on the
estimated distribution of joint distances from each camera.
Additionally, we focus on the mesh surface of the human
body for dynamic fusion, allowing for the seamless integra-
tion of facial expressions and body shape into a unified human
body model. Our method has shown excellent performance
in reconstructing the human body on two public datasets, ad-
vancing beyond previous work from the SMPL model to the
SMPL-X model. This extension incorporates more complex
hand poses and facial expressions, enhancing the detail and
accuracy of the reconstructions. Crucially, it supports the flex-
ible ad-hoc deployment of any number of cameras, offering
significant potential for various applications.

Code — https://github.com/AbsterZhu/MUC

Introduction

Recently, there has been a growing interest in creating 3D
whole-body models from 2D images, especially for virtual
reality and 3D animation. This process, known as expressive
whole-body mesh recovery, combines the estimation of 3D
human body pose, hand gesture, and facial expression. The
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progress is remarkable in single camera (monocular) setting
such as SMPLer-X (Cai et al. 2023), which has become a
foundation model in this field. Yet using a single camera still
faces challenges such as occlusions, which can severely de-
grade the reconstruction quality.

Utilizing multiple camera views, multi-view videos pro-
vide essential visual cues from various angles and are widely
used in applications like behavioral studies, where they facil-
itate the detailed observation of children’s behaviors in nat-
ural settings (Ballan et al. 2010; Schmidt et al. 2008). While
the first step in many traditional approaches involves spa-
tial camera calibration (He et al. 2020), this process is often
cumbersome, requiring specialized tools and complex op-
timizations. Such time-consuming requirements hinder the
efficient and convenient deployment of multi-camera setups
across numerous sites. In response, this paper proposes a
novel method for fusing data from multiple uncalibrated
cameras to reconstruct 3D human bodies more effectively.

Many multi-view methods build on single-view ap-
proaches, typically by averaging predictions from individual
views to estimate 3D human body pose and shape, which
can lead to incoherence and reduced accuracy (Kanazawa
et al. 2018; Kolotouros et al. 2019; Jafarian and Park 2021).
Others map features from multiple views onto a common
space for fusion (Yu et al. 2022), requiring complex coor-
dinate transformations that increase method complexity. In
contrast, the pixel-aligned feedback fusion method (Jia et al.
2023) iteratively refines estimations through aligned mesh
vertex features, boosting accuracy without complex spatial
mappings but necessitating multiple iterations. Additionally,
the scarcity of multi-view data compared to single-view data
complicates the direct training of multi-view models for op-
timal performance.

In this study, we introduce the Mixture of Uncalibrated
Cameras (MUC), a novel pipeline for 3D human body re-
construction from multiple uncalibrated camera views, com-
bining single-view encoding and multi-view fusion. Rec-
ognizing that early single-view methods effectively capture
the relationship between observation angle and human pose,
we apply a proven single-view model to each camera to



independently reconstruct body parts. Notably, parts cap-
tured closer and without occlusion are more accurately re-
constructed due to fewer self-occlusions. Therefore, we as-
sess the quality of these single-view reconstructions, dynam-
ically weighting key body parts across views to optimally
fuse multi-view data.

It is critical for our method to assess the quality of the
single-view reconstuctions. To this end, we propose two
strategies. (1) Joint Reweighting. For all body joints pre-
dicted from each view, we use a joint reweighting net-
work to acquire the weights of the human body joints based
on the predicted camera positions. We also implement a
distance-based distribution loss function, aiming to reduce
the weights of body parts that have high uncertainty in
reconstruction. (2) Surface Reweighting. To integrate fa-
cial expression with body smoothly, we design a surface
reweighting network. This network utilizes UV map, cor-
responding to vertex normals of the mesh of human body, to
estimate dynamic weighting toward seamless combination
of facial expressions and body shape.

Contributions: The contributions of this work can be
summarized in three items.

(1) We present a groundbreaking multi-view method for re-
constructing human pose, shape and facial expression.
Our method does not require calibration or geometric
mapping among views. It is scalable to an arbitrary num-
ber of cameras (including single view) out of the box.

(2) We develop a novel distribution prediction strategy based
on distance to assess the joint importance from various
viewpoints, coupled with surface reweighting for contin-

uous fusion of facial expression and body shape.

Our method establishes a new benchmark in calibration-
free 3D human body reconstruction, surpassing existing
state-of-the-art approaches and expanding upon previous
work by transitioning from the SMPL human model to
the more detailed SMPL-X model.

3)

Related Work

Rising demand for 3D human body reconstruction has cat-
alyzed a division in research into single-view and multi-view
methods. Single-view approaches, bolstered by richly anno-
tated datasets, have reached high levels of accuracy but often
falter when dealing with occlusions. Conversely, multi-view
methods excel at managing occlusions but are hindered by
the scarcity of multi-view datasets (i.e., datasets with multi-
ple observation angles), leading to ongoing research aimed
at improving feature fusion techniques in these frameworks.

Single-View Human Body Reconstruction. In the con-
text of 3D human body reconstruction from a single view-
point, models like SMPL (Loper et al. 2023) and SMPL-
X (Pavlakos et al. 2019) provide effective low-dimensional
parameterizations for human poses and shapes. Despite nu-
merous applications using these models (Feng et al. 2021;
Choutas et al. 2020; Rong, Shiratori, and Joo 2021; Zhou
et al. 2021), resolution constraints and limited field-of-view
often hinder accurate facial and finger estimation. To address
this, some methods, such as ExPose (Choutas et al. 2020),
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incorporate body-driven attention mechanisms and refine-
ments from specialized datasets for enhanced detail, while
OSX (Lin et al. 2023) presents a unified end-to-end model
for comprehensive pose and shape estimation, achieving re-
markable outcomes. Extensive datasets, both real and syn-
thesized (Lin et al. 2014; Patel et al. 2021; Huang et al. 2022;
Ionescu et al. 2013), and targeted non-full-body datasets
(Lin et al. 2023) are crucial in overcoming occlusion chal-
lenges in single-view reconstruction. SMPLer-X (Cai et al.
2023) leverages 4.5 million images from 32 datasets to be-
come the state-of-the-art foundation model in this domain.

The preparation of the ISTEX and BibTEX files that imple-
ment these instructions was supported by Schlumberger Palo
Alto Research, AT&T Bell Laboratories, Morgan Kaufmann
Publishers, The Live Oak Press, LLC, and AAAI Press. Bib-
liography style changes were added by Sunil Issar. \ pubnote
was added by J. Scott Penberthy. George Ferguson added
support for printing the AAAI copyright slug. Additional
changes to aaai25.sty and aaai25.bst have been made by
Francisco Cruz, Marc Pujol-Gonzalez, and Mico Loretan.

Multi-View Human Body Reconstruction The primary
approach to multi-view reconstruction employs calibration
parameters (intrinsic and extrinsic), as demonstrated by
SMPLIify-X (Pavlakos et al. 2019), which reduces 2D key-
point and silhouette reprojection errors in a unified sys-
tem (Li, Oskarsson, and Heyden 2021). Although effective,
this method’s heavy reliance on precise camera calibration
can be impractical in dynamic environments.

When camera parameters are not available, alternative
methods are used. A simple approach is averaging results
from single-view models to achieve multi-view fusion. More
complex learning-based methods include warping feature
maps to align views without calibration (Qiu et al. 2019)
and fusing images by mapping features onto a semantic
model of the human body, utilizing self-attention to inte-
grate features (Yu et al. 2022). These methods manage to
bypass traditional calibration but can struggle with complex
mappings and self-occlusion. The pixel-aligned feedback fu-
sion technique iteratively refines body parameters by align-
ing features on mesh vertices. While this enhances accuracy,
the multiple iterations required reduce computational effi-
ciency, potentially limiting its suitability for real-time appli-
cations (Jia et al. 2023). Overall, these methods depend on
the SMPL model, which falls short in detailing hand move-
ments and facial expressions, underscoring the need for ad-
vanced models like SMPL-X to better tackle these issues.

Method

Our work introduces an innovative approach to reconstruct
3D human body using multi-view images from multiple un-
calibrated cameras as shown in Figure 1. We adopt a pre-
trained single-view Vision Transformer (ViT) based founda-
tion model SMPLer-X (Cai et al. 2023) as encoder for each
view. The core of our approach comprises two key reweight-
ing networks: a Joint Reweighting Network (JRN) and a Sur-
face Reweighting Network (SRN). They cleverly figures out
which parts of the images are reliable and use this informa-
tion to reconstruct better joints and surface.
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Figure 1: Diagram of Mixture of Uncalibrated Cameras (MUC), with the architecture of the single-view encoder shown on the
top. On the right, a notation table lists the symbols and their definitions used in the model of human body.

The sequence of reweighting first the joints and then the
surface is intentional, as the surface mesh is contingent
upon the underlying joint-based skeleton structure. Upon the
completion of the reweighting processes, we normalize and
amalgamate all reweighted parameters into a unified param-
eter set. The parameter set is then fed into a decoder, which
reconstructs the 3D human body.

Single-view Encoder

To exploit the benefits of extensive datasets in single-view
3D human body reconstruction, we adopt a pre-trained en-
coder from SMPLer-X, a generalist foundation model spe-
cialized for monocular tasks. The encoder is portrayed in the
top of Figure 1.

We introduce how the single-view encoder works briefly,
which is important to subsequent multi-view fusion. First,
a human body image is split into a sequence of fixed-
size non-overlapping patches, which are linearly projected
to image tokens T3,,,. They are then concatenated with
learnable task tokens T},sx, which are transformed by ViT
to 7}, and T}, .. A BboxNet module predicts bound-
ing boxes to localize face and hands in the feature map.
Subsequently, MLPs are employed to regress a set of pa-
rameters ZD inodyz Phanda Pshapey Pfacea Pcameru}‘
Notably, Pyody; Phana are joints parameter in rotation 0,
P, hape> P face are surface parameter in PCA top-10 compo-
nents to control the curvature of different parts of the mesh.
This encoder is tailored to minimize the difference between
the estimated parameters P and the ground-truth P, focus-
ing particularly on areas rich in details such as the hands and
face. Further, a SMPL-X layer, as described in (Pavlakos
et al. 2019), can be the decoder to derive the 3D mesh of
human body from P.
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Multi-view Joint Reweighting

In the last section, we brief the single-view encoder. In this
section, we introduce how the proposed Joint Reweighting
Network (JRN) can mix the joint parameters from multiple
uncalibrated cameras.

Network architecture The JRN employs two MLPs to

mix joint landmark lsbodyyc and hand landmark P hand,c
based on camera position P qyerq,c for the c-th camera.

The first MLPbody gets task token Task and camera
body

parameter Pcamem c» and outputs the score sg

MLPbody(TmSk’c, Pcamem,c)- And Pbody is mixed as
N B body
By = o=l Dbodye 5 M)
body = N body

2

The second MLPy, 4,4 gets hand token 7},4,4,. and cam-

era parameter P qpmerq,.. The hand token is localized
and cropped from image token by BboxNet as shown in

Flgure 1: Shand = MLPhand(Thand,cyf’cameru,c)’ And
Pana is mixed as

c=1

hand
C

ZC 1 Phand c
ZN hand

c=15c¢

Optimization Objective Previous studies using single-
camera setups have indicated that reconstruction inaccura-
cies primarily stem from incorrect limb assessments, with
errors increasing as the distance from the human body to
the camera grows due to self-occlusion. To address this, we
have integrated the joint distance distribution loss as a spa-
tial prior to refining JRN’s learning process.

The optimization process is illustrated in Figure 2. The
joint distance distribution loss is applied to all 21 body

2
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Figure 2: Joint distance distribution loss involves several key
steps. First, we subtract the minimal distance value and nor-
malize the depth maps from the ground truth. Then, for the
same joint, we align the predicted scores and distance distri-
butions from different camera positions to mitigate the self-
occlusion.

joints; however, for clarity, only 4 joint landmarks are illus-
trated in Figure 2. Initially, the 3D joints from viewpoint ¢
are projected onto a 2D distance map D, € R2'*3 within
the image coordinate system of camera ¢, where D,

(d1,¢,d2c, ... do1,). To approximate the self-occlusion
probability distribution, we use the following equation:
1
D=————. 3
¢ D, —min(D,) ©)

For each joint ¢, values from all N viewpoints are ex-
tracted to form distance lists [ € RN*2L where [; =

(di 1,d}5,-..,d; ). We collect reweighting scores for

these joints from N different cameras (s2°% € R2!) into
s € RVx2L aiming for the Joint Reconstruction Network
(JRN) to assign higher scores to joints with a lower probabil-
ity of self-occlusion across views. We then use the Kullback-
Leibler divergence to quantify the difference between s and
l. Below is the definition of the joint distance distribution
loss function:

LJRN(S,l) :DKL(SHZ) (4)

Multi-view Surface Reweighting

In the last section, we have introduced joint reweighting net-
work, which can mix joint landmarks from multiple cam-
eras. This section introduces the Surface Reweighting Net-
work (SRN), which amalgamates the body surface attached
to joint from multiple cameras. However, the direct fusion of
10,475 vertices of a 3D body presents a significant challenge
for current hardware capabilities and poses difficulties in op-
timizing the reweighting network. To address this, we pro-
pose a novel surface reweighting method that concentrates
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Figure 3: Workflow of the Surface Reweighting Network.
(a) The mixed body and hand parameters, together with
the shape and expression parameters, are transformed into
continuous feature maps through UV projection. (b) Em-
ploys the camera position as a condition to facilitate cross-
attention operations with the feature map, resulting in the
prediction of UV map-level weight maps and PCA-reduced
level weight vectors.

on the continuous representation of these parameters. This
approach facilitates a more refined understanding of the 3D
human form. The overview of SRN is illustrated in Figure 3.

As shown in Figure 3 (a), initially, the mixed f’body and
P hand parameters, obtained from the JRN, are inputted into
a SMPL-X layer alongside the f’s;mpe,c and P face,c Pa-
rameters encoded from view c. This will generate a recon-
structed human body mesh, from which vertex normals are
projected onto a downsampled UV map. This projection
yields the vertex normal map V Ngpape,c € RUXVX3_ Sim-
ilarly, the face vertex normal map V Nygee,c € RU xV'x3
can be cropped from V Npqpe.c-

We employed a conditional U-Net, which is a simplified
version akin to the latent diffusion model described by Rom-
bach et al. (Rombach et al. 2022). This U-Net is specifically
informed by the predicted camera position Pcamem,c- The
architecture of the model is shown in Figure 3 (b). Specif-
ically, it contains two Downsample Blocks and two Up-
sample Blocks with skip connections. For each block, we
use Pcamem,c as K and V, and features from vertex normal
map as Q to compute the cross-attention. This network pre-
dicts the weight maps Wpape,c € RYXV*3 and Wiace,e €
RUXVX3 These weight maps are essential for reweight-
ing the body and facial surface features for each camera
view, focusing on capturing the continuous variations in
body shape and facial expressions. The final V' Ngpqpe and
V' N¢qce can be obtained by weighted normalization and can
be supervised by the real vertex normal map generated by
ground truth.

Following this, the predicted weight maps W qpe,. and



W tace,c are converted into weight vectors wspape,c € R
and Wfgce . € RO through MLPs which bring more reason-

able I:)shape,c and leace_,C reweighting. The final Pshape and
P ;4ce can be obtained by weighted normalization as well.

Implementation

We train our model end-to-end by minimizing a several loss
functions: Lsmplac’ Ljoint2D, LjrN, Lsurface- Each com-
ponent of the loss function serves a specific purpose in the
learning process. The Ly, loss is computed as the L1
distance between the ground truth and predicted SMPL-X
parameters, providing explicit supervision for whole body
joints, body shape, facial expressions, and camera position.
The L;yint2p loss is a regression loss for the projected 2D
landmarks of the whole body, ensuring the accuracy of land-
mark localization in two-dimensional space. The L jrn loss,
as defined in Eq. 4, is used for training JRN to learn the
importance of different body joints across various camera
views. Finally, the Ly, fqce loss is calculated as the L1 dis-
tance between the ground truth and the predicted fused sur-
face feature maps, offering direct supervision for SRN.

All model are trained using single A100 with pytorch.
Adam optimizer with an initial learning rate of 3 x 107°
for 20 epochs. The initialization weight of encoder from
SMPLer-X (Cai et al. 2023).

Experiments

In our experiments, we demonstrate the effectiveness and ro-
bustness of our proposed MUC method for calibration-free
multi-view fusion.

Datasets and Metrics

Two datasets are used to train and evaluate our method. They
are based on video capture, where the positions of individ-
uals relative to the cameras are constantly changing, hence
it can be considered suitable for assessing the generalization
ability of our method to camera positions.

* Human3.6M (Ionescu et al. 2013) is a large-scale multi-
view dataset with ground-truth 3D human pose annota-
tion. We follow the standard training/testing split: using
subjects S1, S5, S6, S7 and S8 for training, and subjects
S9 and S11 for testing. The SMPL/SMPL-X pseudo-GTs
are obtained from NeuralAnnot (Moon, Choi, and Lee
2022). This dataset is widely used in multiple human
body reconstruction tasks and helps us to compare with
other state-of-the-art methods.

RICH (Huang et al. 2022) is an in-the-wild and indoor
multi-view dataset annotated with ground-truth 2D key-
points and 3D body mesh. We adopt the intrinsic train-
ing/testing split in the dataset. The SMPL-X pseudo-GTs
are obtained from SMPLify-X. This dataset contains hu-
man body joints, shape, hand joints and facial expression
annotations, which can be used to prove the effective-
ness of our multi-view fusion method. The distribution
of camera numbers is shown in Table 1 of supplementary
material. For each sample in the training and validation
sets, we randomly split it into two samples, each with a
camera count equal to 4.
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For 3D whole-body mesh reconstruction, we utilize the
mean per-vertex position error (MPVPE) and mean per-joint
position error (MPJPE) as our primary metrics. In addition,
we apply procrustes analysis (PA) to the recovered mesh,
and report PA-MPVPE and PA-MPIJPE after rigid align-
ment. PA-MPJPE primarily evaluates the pose estimation
accuracy of the human body model, whereas PA-MPVPE
evaluates the accuracy of the reconstructed 3D model. PA-
MPJPE and PA-MPVPE are reported in millimeter (mm).

Comparative Analysis with SOTA Methods

In this subsection, we present a comprehensive comparison
of our proposed calibration-free multi-view fusion model
with current SOTA methods in the domain of 3D human
body reconstruction. We employ both multi-view and single-
view reconstruction methods on the Human3.6M dataset to
gauge the performance of our method against an array of
established techniques. The results are presented in Table 1.

Our comparison includes 3D human body reconstruc-
tion methods from 2016 to 2023. Most of them are in
the category of single view, while a few are in the multi-
view category. Meanwhile, many methods adopt the SMPL
model, which can only represent human body pose and body
shape. A more sophisticated SMPL-X, as adopted by our
method, can reconstruct human body pose, hand pose, body
shape and facial expression jointly. Specifically, we can treat
SMPLer-X (Cai et al. 2023) as SOTA method for single-
view fusion method and PaFF (Jia et al. 2023) as SOTA
method for multi-view fusion method. To eliminate differ-
ences between using different templates, we not only eval-
vated using the SMPL-X template but also utilized the con-
version tool provided by SMPL-X (Pavlakos et al. 2019) to
transform our prediction results into the SMPL template for
evaluation.

From Table 1, we observe the following:

* Performance Superiority: Our method achieves a PA-
MPIJPE of 27.1mm in multi-view reconstruction, outper-
forming the previous best method by 1.1mm. It also leads
in both PA-MPJPE and PA-MPVPE metrics for single-
view scenarios.

Model Bias: Our approach shows significant improve-
ments in multi-view reconstruction compared to single-
view, especially in joint accuracy. Since we use the
SMPL-X model (with approximately twice the vertex
count of SMPL) for both training and prediction, convert-
ing results to SMPL introduces alignment errors. Thus,
we report only PA-MPJPE results.

From Table 2, we can observe that our method outper-
forms SMPLer-X on the RICH dataset, which features more
complex scenes and diverse camera settings. Our method’s
visualization results are depicted in Figure 4. Compared to
single-view models, our approach better compensates for the
information loss caused by different viewpoints, resulting in
superior reconstruction outcomes.

Performance across Multi-view Configurations

To evaluate the effectiveness of our calibration-free multi-
view fusion method, we first present a frame-based analysis



Multi-view reconstruction

Single-view reconstruction

Method Camera(s) ~ Model type —px-Urp1bE—pA_MPVPE ~ PA-MPJPE  PA-MPVPE
SMPLify (2016) Single SMPL N/A N/A 823 N/A
HMR (2018) Single SMPL 57.8 67.7 56.8 65.5
GraphCMR (2019) Single SMPL 50.9 59.1 50.1 56.9
SPIN (2019) Single SMPL 445 515 41.1 493
Pose2Mesh (2020) Single SMPL N/A N/A 47.0 N/A
12IMeshnet (2020) Single SMPL N/A N/A 41.1 N/A
PyMAF (2021) Single SMPL N/A N/A 40.5 N/A
PYMAF-X (2023) Single SMPL N/A N/A 37.2 N/A
SMPLer-X (2023) Single SMPL-X 383 413 45.1 47.8
HMR2.0 (2023) Single SMPL N/A N/A 32.4 N/A
Liang (2019) Multi SMPL 435 575 59.1 69.2
ProHMR (2021) Multi SMPL 34.5 N/A 412 N/A
Yu (2022) Multi SMPL 33.0 34.4 41.6 46.4
PaFF (2023) Multi SMPL 28.2 N/A N/A N/A
MUC Multi SMPL-X 319 33.4 443 458
MUC (with translation) Multi SMPL 271 N/A 39.5 N/A

Table 1: Comparison between the proposed method and existing calibration-free single view and multiview methods on Hu-
man3.6M dataset. Since multiview reconstruction is not supported by single view methods, we report the mean of results from

each view.
Multi-view Single-view
Method PA-MPJPE PA-MPVPE PA-MPJPE
SMPLer-X (2023) 21 371 47.9
ProxyCap (2024) N/A N/A 56.0
MUC 375 335 52.6

Table 2: Comparison with SMPLer-X and ProxyCap on
RICH dataset. Since SMPLer-X is a single view method, we
report the mean of results from each view.

Body Hand Face

# Cam PA-MPJPE PA-MPVPE PA-MPJPE PA-MPVPE PA-MPVPE

1 52.8 477 8.4 8.2 4.1
2 43.7 38.9 7.4 72 3.5
3 404 358 10 68 33
4 38.6 34.5 8 .7 .2

Table 3: Different camera number on RICH dataset. We se-
lect cases contain 4 cameras from the test set to evaluate our
method with different camera numbers.

for a video of three cameras. As illustrated in Figure 5, our
multi-view method effectively compensates for the target’s
movement in the wild, maintaining a stable PA-MPVPE
fluctuation.

Our method is scalable to an arbitrary number of cameras
out of the box, so we conduct quantitative validation to as-
sess the impact of adding more cameras for each case. The
goal is to determine how the number of cameras influences
the reconstruction precision of different human body parts.

The results, shown in Tables 3, underscore our method’s
effectiveness in utilizing additional camera angles. For body
reconstruction, there is a marked decrease in PA-MPJPE
when increasing the camera count from one to four. Similar
enhancements are observed in the hand and face reconstruc-
tions. Notably, the transition from one to two cameras yields
the most significant improvement, highlighting the value of
multi-view geometry. While the incremental gains diminish

Human3.6M RICH
JRN SRN | PA-MPJPE PA-MPVPE PA-MPJPE PA-MPVPE
338 34.8 42.1 37.1
v 325 343 39.4 34.2
v o/ 31.9 334 375 335

Table 4: Ablation on JRN and SRN for whole body recon-
struction. Best results are marked in bold.

with each additional camera, the consistent improvements
across all metrics reinforce our approach’s effectiveness in
leveraging multiple uncalibrated views for 3D human body
reconstruction in various settings. The same conclusions are
also demonstrated on the Human3.6M dataset, with results
presented in Table 2 of the supplementary material.

Impact of Joint and Surface Reweighting

Our qualitative evaluation focuses on the influence of the
JRN and SRN on the 3D reconstruction of human body
poses and shape. Figure 6 visually demonstrates the effect
of reweighting across different camera views.

In Figure 6, the size of the red circles superimposed on
the model’s joints indicates the importance level that JRN
assigns to each joint. Larger circles indicate a higher score,
suggesting that these joints exert a more significant influence
during the multi-view joint reweighting process. It is evident
that with the aid of the joint distance distribution loss, the
JRN assigns lower weights to joints with a higher probabil-
ity of self-occlusion. This strategy effectively harnesses the
more accurate parts of predictions from each single view-
point for fusion. Similarly, predictions using the SRN fea-
ture more precise estimates of body shape.

We further perform two quantitative ablation studies ex-
periments to objectively measure the effectiveness of the
JRN and SRN: one focusing on whole body reconstruction
and the other on detailed hand and face reconstruction.
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Figure 4: We conducted a qualitative comparison with SMPLer-X across three datasets. We tried to add some visual comparison
results of multi-view methods, but most of them are not open source or have not been maintained for a long time. The first two
groups are from the RICH dataset, the third group is from the Human3.6M dataset, and the last group is from an additional
validation dataset, the MARCOnI dataset (Elhayek et al. 2015), which serves as a more challenging test scenario (images were
recorded using a handheld smartphone). “O” stands for the original image. “S” stands for single-view reconstruction result by
SMPLer-X. “F” stands for the fusion result of our method. Zoom in for better view.

Camera 0
Camera 1
Camera 2

300
Frame index

400

Figure 5: Temporal comparison of PA-MPVPE across differ-
ent camera setups over sequential frames. Mono-view recon-
structions from cameras 0, 1, and 2 are depicted in varying
colors, while the multi-view reconstruction is represented in
red. Zoom in for better view.

Hand Face

JRN SRN | PA-MPJPE PA-MPVPE PA-MPVPE
72 7.0 5.0
v 7.0 6.8 35
v 7 6.9 6.7 33

Table 5: Ablation on JRN and SRN for hand and face on
RICH dataset. Best results are marked in bold.

Whole Body Reconstruction We utilized the Hu-
man3.6M and RICH datasets to evaluate the performance
improvements. The results are compiled in Table 4. The in-
clusion of JRN alone, and in combination with SRN, shows
a consistent decrease in PA-MPJPE and PA-MPVPE across
both datasets, highlighting the benefits of the reweighting
mechanisms.

Hand and Face Reconstruction The results on RICH
are presented in Table 5. The quantitative analysis clearly
demonstrates that the combined use of JRN and SRN yields
the best performance, as indicated by the bold values for PA-
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Figure 6: Visualization of the predicted scores by JRN across
different views, accompanied by an ablation study on SRN.
Larger red circles represent higher weights. For clarity, only
21 body joints are selected for display. “W” stands for the
visualization of joint weight.

MPIJPE and PA-MPVPE, underscoring their importance in
enhancing the precision of 3D human pose reconstruction.

Conclusion and Discussion

In this paper, we present a new method for creating 3D
meshes from images taken by uncalibrated cameras, remov-
ing the need for complex setup. Our approach scales eas-
ily to any number of cameras and uses distance distribu-
tion to estimate self-occlusion, enhanced by our SRN for
smooth surface fusion. The technique determines the relia-
bility of image segments to improve 3D reconstruction and
assesses the positioning confidence of body parts from dif-
ferent views. Currently limited to static images, future up-
dates could extend to video for more precise pose estima-
tion. This method is not only more practical for everyday use
but also surpasses current leading techniques in accuracy.
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