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Abstract:  In the field of multi-view three-dimensional (3D) human pose estimation, there are pri-

marily  two  approaches:  heatmap-based  and  regression-based  models.  Regression-based  models

require less computational effort than heatmap-based models but are less accurate. This study pro-

poses  a  regression-based  model  called  multi-view  3D  human  pose  estimation  based  on  regression

with multivariate joint distribution (MRM), which achieves accuracy comparable to heatmap-based

models while using lower computational resources in multi-view 3D human pose estimation. Specifi-

cally, this model employs a flow-based method to learn the multivariate joint distribution of human

pose  data,  enabling  the  regression-based  model  to  capture  nonlinear  dependencies  across  different

perspectives. Experimental results on two public datasets validate the accuracy and efficiency of the

proposed model. Compared with heatmap-based methods, MRM reduces multiply-add operations by

32.3% while maintaining comparable prediction accuracy.
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 1    Introduction

Human  pose  estimation  refers  to  detecting  the

positions  of  various  body  parts  of  the  human

body in images or videos. The task of predicting

the  coordinate  positions  of  two  dimensions  is

referred to as two-dimensional (2D) human pose

estimation,  whereas  predicting  the  coordinate

positions  in  three  dimensions  is  termed  three-

dimensional  (3D)  human  pose  estimation.  The

latter  requires  predicting  the  depth  information

of  the  human pose.  Human pose  estimation  is  a

crucial  issue  in  computer  vision.  Nowadays,

human  pose  estimation  can  be  integrated  into

various  applications,  including  virtual  reality,

human-computer interaction,  and  human   medi-

cal rehabilitation detection.

As research on 2D human pose has achieved

excellent  results,  the  study  of  3D  human  pose

estimation has  attracted  much  attention.   Com-

pared  to  2D human pose  estimation,  3D human

pose  estimation  suffers  from  inherent  ambiguity

in image depth information. Therefore, it is even

more  challenging.  Due  to  occlusion  issues  in

human  images,  such  as  self-occlusion and   envi-

ronmental  occlusion,  relying  solely  on  images

from a single perspective can result in the loss of

important information.  This  results  in  a   reduc-

tion in the accuracy of the model. Many existing

studies focus on monocular 3D human pose esti-

mation,  which  struggles  to  effectively  handle

occlusions.  Therefore,  this  work  is  dedicated  to

multi-view  human  pose  estimation  research.  It

can complement severely occluded parts through

images from multiple angles.
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Multi-view human pose estimation faces two

major  challenges  that  urgently  need  to  be

addressed.  On  the  one  hand,  most  mainstream

methods are based on heatmaps, which demand a

large  amount  of  computational  and  storage

resource.  On  the  other  hand,  while  regression-

based  methods  are  concise,  they  struggle  with

integrating  information  from multiple  views  and

exhibit  low prediction accuracy. Applying multi-

view human pose estimation to real-life scenarios

inevitably  faces  the  issue  of  real-time  perfor-

mance. In terms of  converting image representa-

tion  information  into  numerical  coordinates  of

the target, it can be divided into two categories:

one is the heatmap-based method, and the other

is  the  regression-based  method.  The  heatmap-

based method is the mainstream approach in this

field. This method involves inputting images into

a convolutional neural network. By applying con-

volutional and deconvolutional operations, proba-

bility  heatmaps  are  generated  for  each  keypoint

of  the  human  body.  In  these  heatmaps,  each

pixel represents  the  probability  that  the   corre-

sponding location  in  the  image  is  a  human  key-

point.  The positions of the human keypoints are

then  identified  through  the  argmax  operation.

Due  to  its  additional  deconvolution  process  and

the fact that its result accuracy is proportional to

the  heatmap  resolution,  the  heatmap-based

method requires  a  significant  amount  of   compu-

tational and memory resource. When this method

is applied to three-dimensional multi-view scenar-

ios,  the  resource  requirements  escalate  further,

making it challenging to meet real-time demands.

The  regression-based  method  directly  maps  the

input image to joint coordinates for output. It is

efficient and concise, with low demands on com-

putational  resources.  With  the  same  backbone

network  architecture,  the  regression  head  of

multi-view  3D  human  pose  estimation  based  on

regression  with  multivariate  joint  distribution

(MRM) consumes only 7.6% of the multiply-add

operations  compared  to  the  heatmap  head.

Therefore,  it  can  easily  meet  the  needs  of  real-

time applications.  However,  by fusing heatmaps,

models  based  on  heatmaps  [1]  can  obtain  two-

dimensional  coordinates  simultaneously  utilizing

information from  other  views.  In  contrast,   dur-

ing  multi-view  fusion,  the  information  provided

by different  perspectives  is  often  complementary

and  unique  (for example,  one  perspective   cap-

tures  the  frontal  details  of  an  object,  while

another  reveals  the  occluded  side).  Regression

models tend to learn and output an “average” or

“the  most  probable”  value,  which  can  blur  or

even  discard  the  unique  information  offered  by

multiple  perspectives.  As  a  result,  regression

models struggle  to  effectively  address  the   chal-

lenges of multi-view fusion.

Furthermore,  previous  works  only  adopted

traditional L1  (least absolute  deviations  /  Man-

hattan  norm) or  L2  (least  squares  /  Euclidean

norm) losses.  [2,  3]  showed  that  using  L1 or

L2 losses  actually  assumes  that  the  human  pose

distribution  satisfies  the  Laplace  distribution  or

Gaussian distribution.  However,  the  true   distri-

bution of  human pose  data  does  not  conform to

either of  these.  Therefore,  the  prediction   accu-

racy of the model decreases.

To address the aforementioned problems and

challenges,  the  methodology  of  conducting  the

literature review  in  this  study  followed  the   sys-

tematic procedure put forward by Saied et al. [4]

We  proposed  a  regression  model,  MRM,  which

can  learn  the  multivariate  joint  distribution  of

multi-view  human  poses.  Data  from  different

viewpoints  often  exhibit  strong  complementary

information.  These  multi-view  data  can  be

regarded  as  manifestations  of  the  same  pattern

from different orientations or levels. MRM learns

the  relationships  among  different  perspectives

through a multivariate joint distribution. In this

way, the model can comprehensively utilize multi-

view  human  pose  information.  Unlike  previous

works that only use traditional L1 or L2 losses, we

used a normalizing flow model [5–7] to learn the

Journal of Beijing Institute of Technology，2026，Vol. 35，No. 2

—  160  —



multivariate  joint  distribution  of  multi-view

human  pose  data  through  maximum  likelihood

estimation. During model training and inference,

this distribution serves as significant prior knowl-

edge to enhance the model’s prediction accuracy.

Considering the complexity of learning the multi-

variate joint distribution of human pose data, we

used a normalizing flow model to learn the devia-

tion between  the  target  distribution  and   com-

mon  initial  distributions,  such  as  a  multivariate

normal distribution.  This  enhancement   signifi-

cantly  improves  the  method’s  feasibility.  Since

poses from different  viewpoints  are  not   indepen-

dent, we replaced the zero elements in the covari-

ance  matrix  of  the  initial  distribution  to

strengthen  the  interdependencies  among  various

dimensions of the multivariate distribution, mak-

ing  the  training  process  easier  to  optimize.  To

better  integrate  multi-view  information,  MRM

learns  the  weights  of  each joint  from multi-view

images.  The  learned  weights  can  balance  the

importance  of  each  joint  in  recovering  the  3D

coordinates.
The regression-based approach for obtaining

coordinates  has  low  computational  resource
requirements.  During  the  training  phase,  the
regression process  for  the  multivariate  joint   dis-
tribution  of  human  poses  and  the  three-dimen-
sional coordinates  of  human  joints  can  be   per-
formed synchronously,  without  requiring   addi-
tional training steps.

In summary,  our  contributions  are  as   fol-

lows:

We  proposed  a  multi-view  regression  model

to  predict  3D  pose  information,  significantly

reducing the  computational  and  storage   require-

ments  of  the model,  in  order  to  satisfy  the real-

time needs of edge devices.

We  enhanced  the  model’s prediction   accu-

racy by utilizing a flow model to learn the multi-

variate  joint  distribution  of  multi-view  human

poses  through  maximum  likelihood  estimation

and  employing  joint  weights  to  co-train  images

from various perspectives.

We  conducted  experiments  on  human  3.6

million  (Human3.6M)  [8]  (a  large-scale  dataset

for 3D human pose estimation in various actions)

and  Max  Planck  Institute  for  Informatics  -  3D

human  pose  in  the  wild  (MPI_INF_3DHP)  [9]

(another dataset  for  3D human pose estimation,

focusing on more challenging and diverse scenar-

ios)  to  verify  the  accuracy  and  efficiency  of  the

model.

 2    Related Works

 2.1    Multi-View 3D Pose Estimation
Multi-view 3D pose estimation typically involves

fusing multi-view features, such as voxel aggrega-

tion  [10–12]  and  geometric  constraints  [13,  14],

and then predicting the 3D coordinates of human

joints using deep learning methods. During train-

ing, relying solely on 2D keypoint information to

predict 3D information is often underconstrained.

Chun et al. [15] addressed this issue by develop-

ing  an  autoencoder-based voxel  heatmap   repre-

sentation  learning  method  to  learn  human  prior

knowledge.  This  method  innovatively  uses  voxel

heatmaps  as  constraints  and  exhibits  strong

advantages  in  cross-dataset  generalization.

Iskakov  et  al.  [10]  aggregated  synchronized

images from multiple views into a 3D voxel using

projection  matrices  based  on  camera  parameters

and obtained 3D heatmaps through a voxel  net-

work,  achieving  excellent  results  on  the  Human

3.6M dataset. However, the model requires calcu-

lating  multi-view  2D  heatmap  aggregation  and

subsequent 3D  heatmaps,  resulting  in   consider-

able  computational  cost.  To  address  this  issue,

Remelli  et  al.  [16]  proposed a  lightweight  multi-

view human pose estimation method that obtains

a camera-view-independent feature by applying a

linear  transformation  module  to  the  learned  2D

heatmaps, eliminating the need for voxel aggrega-

tion  and  improving  the  model’s  computational

speed.  He  et  al.  [13]  introduced  the  Epipolar

Transformer,  which  fuses  features  from  different

views in  the  intermediate  layers  of  a  2D   detec-
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tion network, enabling the utilization of 3D infor-

mation during 2D detection and thereby improv-

ing  its  accuracy.  Ma  et  al.  [14]  observed  that

joint predictions from one view are related to the

image  not  only  on  the  epipolar  line  in  another

view, but  also  to  its  surrounding  areas.   There-

fore,  they  proposed  the  concept  of  epipolar  field

to learn more comprehensive correlated features,

which  is  an  extension  of  the  epipolar  line  [13].

They also combined it with the positional encod-

ing  of  Transformer  [17] to  encode  the  3D   rela-

tionships among different views. Zhang et al. [18]

presented  a  simple  and  effective  multi-view  fea-

ture  fusion  method.  This  method  utilizes  the

geometry of perimeters to determine point-to-line

correspondences  among  different  views.  Then,  it

implicitly  determines  point-to-point  correspon-

dences  through  the  sparse  nature  of  heatmaps,

avoiding  complex  point-to-point matching   pro-

cesses. In  this  paper,  we  modeled  the   relation-

ship among  human  poses  from  different   view-

points  to  comprehensively  utilize  multi-view

information.

 2.2    Human Pose Estimation Based on Regression
In human pose estimation, heatmap-based meth-

ods  remain  the  primary  approach.  Although

heatmap-based methods are able to preserve the

spatial  information  of  images  and  achieve  high

prediction accuracy,  they face issues such as the

inability  to  train  end-to-end  and  quantization

problems  that  affect  accuracy.  Moreover,

heatmap-based  methods  have  a  relatively  high

computational  cost.  Regression-based  methods,

on  the  other  hand,  are  more  concise  as  they  do

not  require  generating  heatmaps.  Carreira  et  al.

[19]  proposed a novel  framework that introduces

structured  prior  knowledge  through  feedback  to

better  address  structured  prediction  problems.

Liang et al. [20] proposed using bones instead of

joint  points  to  represent  human  poses,  unifying

2D and 3D pose estimation, and enabling end-to-

end training using both 2D and 3D training data.

Li  et al.  [2]  proposed using flow models  to learn

the underlying  distribution  of  human  pose   out-

puts  to  enhance  the  prediction  accuracy  of

regression  models.  Unlike  their  approach,  we

aimed  to  learn  the  correlations  among  human

pose data  from  various  views  through   normaliz-

ing flow models.

Martinez et al.  [21]  first  utilized an efficient

2D  pose  estimation  model  to  obtain  2D  human

joint points and then employed regression to lift

the  2D coordinates  to  3D coordinates.  Although

sometimes different 3D points may project to the

same 2D point, introducing ambiguity in this lift-

ing process, this method still has advantages as it

can  leverage  the  off-the-shelf  2D  human  pose

estimation models  for  efficient  2D  joint   predic-

tion.  In  single-view  prediction,  the  state-of-the-

art  model  [22]  also  adopted  this  approach  and

proposed  to  disrupt  real  3D  poses  by  gradually

adding  Gaussian  noise,  and  then  trained  a

denoising  network  to  restore  them,  generating

multiple 3D pose hypotheses. It further proposed

a  joint-level  reprojection-based  multi-hypothesis

aggregation  method,  joint-level  reprojection-

based  multi-hypothesis  aggregation  (JPMA),  to

aggregate the  generated  hypotheses  in  a   reason-

able  manner.  Zhu  et  al.  [23]  proposed  using  a

unified framework to address various human-cen-

tered  video  tasks,  employing  a  pre-training-fine-

tuning  framework  to  learn  a  general  human

motion  representation.  They  proposed  utilizing

the lifting of  2D skeleton sequences to 3D skele-

tons  as  a  self-supervised  pre-training task.  How-

ever, these two-stage methods still inevitably uti-

lize 2D heatmaps when obtaining 2D pose  infor-

mation through existing 2D human pose estima-

tion models.  Our  proposed  model  does  not   uti-

lize 2D heatmaps and directly predicts joint coor-

dinates through regression.

 3    Method

 3.1    Overview of the Method
In  this  work,  we  proposed  a  regression  model

with  log-likelihood  for  multi-view  human  pose
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estimation.  The goal  is  to  evaluate  the  3D joint

coordinates of humans 

  in the  world  coordinate  system from multi-

ple  synchronized  images,  where    denotes  the

number  of  human  joints.  These  synchronized

multi-view  images  are  captured  from    cali-

brated cameras.  The  complete  process  is   illus-

trated in Fig. 1, which comprises a backbone net-

work, a  likelihood  of  multivariate  joint  distribu-

tion  (MVJD)  module, and  a  weight   triangula-

tion module. The backbone network first extracts

image  features    and  joint  weights

  from  the  input  multi-view  images

.  The  multi-view  image  features

 are passed through fully connected layers to

output  normalized  2D  coordinates  of  human

joints 

and distribution parameters  . The com-

bination of   and   is then input into the like-

lihood of  MVJD  module  to  learn  the  multivari-

ate joint distribution of multi-view human poses.

Meanwhile,    and    are  fed  into  the  weight

triangulation module, where linear algebra trian-

gulation is utilized to obtain the 3D joint coordi-

nates  . The details will be discussed in

the following sections.

 3.2    Backbone
We combined  synchronized  images  from   differ-

{F 2D
c }C

c=1
{Wc}C

c=1

F 2D
c

Wc

F 2D
c

gθ

θ

F 2D
c

µc σc

µc

σc µc

σc

ent  views  as  a  single  input.  Using  the  ground

truth  bounding  boxes,  we  cropped  each  input

image frame  and  fed  it  into  convolutional   net-

works  to  obtain  intermediate  2D  features

 and joint weights  . Our convolu-

tional  network  is  mainly  composed  of  residual

network  (ResNet)-152  [24],  which  is  pre-trained

on the common objects in context (COCO) [25],

MPII  human pose (MPII)  [26]  and  Human3.6M

[8].  Unlike  the  general  pose  ResNet,  MRM does

not require  generating  heatmaps,  thus   eliminat-

ing the process of deconvolution for features  .

This  significantly  reduces  the  number  of  model

parameters as well  as the training and detection

time.  The  joint  weights    are  obtained  by

inputting  the  features    into  a  convolutional

network  . It  consists  of  two convolutional   lay-

ers, a  max  pooling  layer,  and  three  fully   con-

nected  layers,  where    denotes  the  learnable

parameters  of  the  convolutional  network.  Then,

the  features    are passed  through  a   subse-

quent average pooling layer to reduce the size of

the  feature  map  to  1.  After  that,  they  are  fed

into a fully connected layer to obtain   and  .

To  enhance  the  model’s  generalization  ability,

normalization  processing  was  conducted  on 

and  ,  where    is  normalized  by  dividing  the

L2 norm of the input features, and   is normal-
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Note: The red-green-blue (RGB) images are taken as the input for the model. The likelihood of MVJD module learns the multivariate

joint distribution of multi-view human poses and the weight triangulation module recovers the 3D human pose. CNN represents convo-

lutional neural network. FC represents fully connected layer.

Fig. 1    Overview of our MRM model
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ized using a sigmoid function.

 3.3    Likelihood of MVJD Module
Likelihood  of  MVJD  refers  to  the  likelihood  of

multivariate joint distribution. Li et al. [2] lever-

aged normalizing flow models to learn the under-

lying  distribution  of  human  poses.  However,  it

models observations  from  each  viewpoint   inde-

pendently. Inspired by [2], we did not model the

images  from  multiple  perspectives  individually.

While this preserves the unique information pro-

vided by  each  perspective,  it  weakens  the   inter-

connections  among  different  views.  To  address

this, we proposed using a  multivariate  joint  dis-

tribution to characterize the relationships among

multi-view data and employed a normalizing flow

model  (such  as  real-valued  non-volume  preserv-

ing  (Real  NVP)  [5])  to  learn  this  multivariate

joint  distribution.  This  normalizing  flow  model

can  achieve  a  reversible  and  stable  mapping

between data space and latent space by scale and

translation operation. And it is trained by maxi-

mizing  the  log-likelihood. We  suggested   consult-

ing  the  original  paper  for  additional  information

for more details.

Z ∼ N (0, I)

The process is shown in Fig. 2. It is difficult

to  visualize  high-dimensional  joint  distributions

in  a  two-dimensional plane.  We  used  a   univari-

ate distribution  as  an  approximation  to   repre-

sent the multivariate joint distribution. First, we

initialized a  distribution,  which  can  be  an   arbi-

trary simple  distribution.  Here,  we  used  an   ini-

tial  normal  distribution    whose

covariance matrix is an identity matrix. Directly

fϕ ϕ

X ∼ Pϕ

(
X

)
applying a flow model   (where   represents the

learnable  parameters  of  the  flow model)  to  map

and transform this distribution into 

clearly  does  not  meet  our  expectations.  This  is

because there must be some underlying relation-

ships  among  the  multi-view  perspectives  of  the

pose,  while  the  identity  matrix  implies  that  the

variables are mutually independent—since all off-

diagonal elements of the identity matrix are zero.

To address  this,  we set  all  off-diagonal  elements

to  0.5.  The  resulting  initialized  distribution  is

then  transformed  using  the  flow  model,  which

simplifies the transformation process.

µ ∈ RJ×2c

σ ∈ RJ×2c

We  transformed  the  data  dimensions,  as

shown  in  Fig. 2, by  swapping  the  joint   dimen-

sion  and  the  viewpoint  dimension.  This  is

because  we  need  to  capture  the  relationships

between the same poses across different perspec-

tives.  The joint dimension is input into the flow

model  as  the  first  dimension.  And  concatenate

various viewpoint dimensions to obtain  ,

. In other words, each input consists of

the  pose  information  of  a  specific  human  joint

from various camera viewpoints.

This operation was performed to capture the

relationships  of  the  same  pose  across  different

perspectives.

σ µUsing  the  obtained    and  ,  we  applied

translation and  scaling  to  the  distribution   vari-

ables to derive the final distribution

X = σX + µ （1）

According to the density formula of random

variable transformation, our final distribution is
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s t φ ♁Note：  and   stand for scale and translation operation.   represents the learnable parameters in the backbone.   stands for the con-

catenate operation.

Fig. 2    The architecture of likelihood of MVJD module
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Pφ,ϕ (X) = Pϕ

(
X

) ∣∣∣∣det(∂X

∂X

)∣∣∣∣ （2）

The loss function is

Lmle = − lnPφ,ϕ (X) = − lnPϕ

(
X

)
+ lnσ （3）

µ

In  the  calculation  of  model  inference,  it’s

important  to  note  that  MRM  requires  only

parameters    to  infer  the  3D  coordinates  from

the  weight  triangulation  module.  The  likelihood

of MVJD module does not need to participate in

inference. As a result, this exclusion of the likeli-

hood of  MVJD module further reduces the com-

putational cost of the model.

 3.4    Weight Triangulation Module

Aiji = 0

J3D Ai ∈ R2C×4

Ai

µ
′
= MJ3D

M ∈ R3×4

µ
′

J3D

We used weight triangulation module (WTM) to

convert the 2D coordinates of pose joints into the

predicted  J3D  coordinates. Specifically,  the   pre-
dicted  2D  coordinates  are  transformed  into  3D

coordinates  using  the  method  of  non-homoge-

neous linear algebraic triangulation. This requires

solving a characteristic equation system in three-

dimensional  coordinates:    to  obtain  the

predicted  3D  coordinates  .  Here,  ,

  is  a  matrix  constructed  from  the  projection

matrices and  the  2D joint  coordinates.  The   sys-

tem of equations is derived by solving the inverse

projection  relationship  ,  where

  denotes  the  camera’s  projection

matrix.  The  prediction  accuracy  for  the  same

joint point  typically  varies  across  different   per-

spectives.  If  the joint coordinates   with differ-

ent accuracies are used with the same weight to

infer the 3D joint coordinates  , it can lead to

model  degradation,  especially  when  predicting

complex  poses.  Therefore,  we  introduced W  to

dynamically  balance  the  noisy  2D  observation

information from different perspectives,  resulting

in

(Wi ×Ai) ji = 0 （4）

where  ×  denotes  element-wise  multiplication.

Performing  singular  value  decomposition  on  the

equation system yields

(Wi ×Ai) ji = U�D�V T （5）

where U and V are orthogonal matrices,  and D
is a diagonal matrix containing the singular val-

ues. The loss function is

Lmse =
1

N

∑
N

n=1 (J
3D − J gt)

2
（6）

where  N  and  J  represent  the  total  number  of

joint  points  and  the  ground  truth  coordinates,

respectively. Jgt represents the ground truth joint

coordinates  of  the  human  body.  Combining  the

two losses yields the final loss function

Ltotal = Lmle + λLmse （7）

where λ is loss weight.

 4    Experiments

 4.1    Datasets

3.6× 106

Human3.6M  [8]  is  a  large-scale  dataset  for  3D

human pose  estimation,  which  includes 

frame images and 3D human joint labels. It was

captured by  four  synchronized,  calibrated   cam-

eras,  with each camera operating at  a  frequency

of  50 Hz.  The  dataset  involves  11 professional

actors performing in 17 action scenarios.  Follow-

ing protocol 1 [21, 27], we used (S 1, S 5, S 6, S

7,  S  8)  for  training  and (S  9,  S  11)  for  valida-

tion. During training and validation, each action

is processed independently.

The  MPI_INF_3DHP  [9] dataset  is   suit-

able  for  3D  human  pose  estimation.  It  was

acquired through 14 cameras in an indoor green-

screen  studio.  The  dataset  contains  8 subjects,

each  performing  8 activities.  The  8 activities  are

divided  into  two  sequences,  namely  sequence

1 and  sequence  2.  Sequence  1 includes  walking/

standing,  exercise,  sitting  1,  and  crouch/

reach. Sequence 2 comprises on the floor,  sports,

sitting 2,  and miscellaneous.  The official  test set

of  this  dataset  only  includes  single-view  images,

while its training set contains multi-view images.

Therefore, we  split  its  training  set  into  a   train-

ing subset and a test subset. Consistent with pre-
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vious  work [28],  we chose  S  1 – S  7 for  training

and  S  8 for  testing.  To  better  compare  with

Human3.6M,  we  adopted  images  captured  by

4 cameras as input, namely cameras 0, 2, 7, and

8.  Since  the  dataset  does  not  include  bounding

box  information  for  the  subjects,  we  used  the

maximum  and  minimum  values  of  the  ground

truth 2D joint coordinates along the x and y axes

as the bounding box coordinates.

 4.2    Evaluation Metrics
We  used  the  mean-per-joint-position-error

(MPJPE)  as  an  evaluation  metric  for  3D  pose

estimation,  which  calculates  the  average  of  the

Euclidean  distances  between  the  predicted  3D

joint  coordinates  and  the  ground  truth  values.

For each  human pose,  there  are  typically  multi-

ple  joint  points  (such  as  the  head,  shoulders,

elbows,  wrists,  hips,  knees,  ankles,  etc.),  and

each  joint  point  corresponds  to  a  3D coordinate

(x,  y,  z).  By summing up the  errors  of  all  joint

points and being divided by the total number of

joint  points,  we  obtained  the  mean  joint  error.

Our  prediction  involves  17 joints  of  the  human

body. The  MRM  model  is  able  to  directly   pre-

dict the  joint  coordinates  in  the  world   coordi-

nate system, so there is no need to perform sub-

sequent  rigid  body  transformations  to  align  the

predicted joints with the ground truth when cal-

culating the Euclidean distances.

MPJPE focuses on the absolute error of indi-

vidual  joint  positions,  whereas  3D  percentage  of

correct  keypoints  (3DPCK)  places  greater

emphasis on evaluating the overall accuracy of a

model’s  predictions  for  human  joint  points.

3DPCK  is  another  metric  used  to  assess  the

accuracy of  3D  human  pose  estimation   algo-

rithms in predicting joint points. It calculates the

distance between predicted joint points and true

joint points,  and  determines  whether  this   dis-

tance is  less  than  a  preset  threshold.  If  the   dis-

tance is less than the threshold, the joint point is

considered  correctly  predicted.  In  this  manner,

the percentage of correctly predicted joint points

out  of  all  joint  points  is  calculated.  On  the

MPI_INF_3DHP  dataset,  following  the

approach [9, 28], we computed the area under the

curve (AUC) for a range of 3DPCK values.

 4.3    Implementation Details

(H0,W0)

F 2D
c

(H,W )

During  training,  four  views  were  adopted,  and
the  input  image  size    was  set  to  (384,
384).  The  2D  features    extracted  from  the
backbone  convolutional  network  were  primarily
obtained  from  ResNet-152  [24],  with  a  feature
map    size  of (12,  12) and 2 048 channels.
In  the  real  NVP  model,  the  structures  of  the
functions  s  and  t  are largely  similar,  both   com-
posed of three linear (fully-connected) layers and
two activation layers. Each fully-connected layer
is  followed  by  a  leaky-rectified  linear  unit
(ReLU) layer. The intermediate dimension of the
fully-connected  layers  is  set  to  128.  The  input
dimensions of the functions s and t vary accord-
ing  to  the  number  of  viewpoints:  for  2 view-
points, the dimension is 4; for 3 viewpoints, it is
6;  and  for  4 viewpoints,  it  is  8.  The  input  data
dimensions  are  split  using  a  checkerboard  mask,
with the checkerboard mask defined as [0, 0, 0, 0,
1, 1, 1, 1] and [1, 1, 1, 1, 0, 0, 0, 0]. The Adam
optimizer was used for training, with a batch size
of  2.  The  model  mainly  consists  of  a  backbone
network,  a  likelihood  of  MVJD  module,  and  a
weight  triangulation  module,  with  learning  rates
of  10–4,  10–3,  and 10–4,  respectively.  The training
settings for  the  backbone  network  follow   previ-
ous  work  [10].  The  convolutional  network  for
obtaining joint  weights  consists  of  two   convolu-
tional  layers,  one  max-pooling  layer,  and  three
fully connected  layers.  The  training  was   con-
ducted  for  25 epochs.  The  training  of  the  model
was completed on two real-time raytracing (RTX)
2 070  Super  graphics  cards,  taking  a  total  of
 

Tab. 1  Results of the module ablation experiments
 

Backbone
Multivariate

joint distribution

Joint

weight

MPJPE

(mm)

ResNet-152 × × 29.21

ResNet-152 × √ 26.39

ResNet-152 √ × 28.20

ResNet-152 √ √ 23.71
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about 2 days.

 4.4    Ablation Experiments
The  ablation  experiment  results  are  shown  in

Tab.  1.  This  experiment  was  conducted  on  the

Human3.6M dataset. We removed the multivari-

ate  joint  distribution  component  and  used  only

the mean squared error as the loss function. After

removal, the performance of the MRM model sig-

nificantly  declined.  This  result  demonstrates  the

crucial role of the likelihood of MVJD module in

enhancing  the  model’s  performance.  By  learning

the  multivariate  joint  distribution  of  pose  data,

this  module  is  capable  of  capturing  the  complex

correlations  and  dependencies  among  different

viewpoints,  thereby  providing  the  model  with

more comprehensive and accurate information.

In this section, we removed the joint weight-

ing  component.  The  model  directly  feeds  the

coordinates obtained from the backbone network

into the WTM module and uses the same weight

for each view when predicting 3D coordinates.

We  visualized  the  comparison  results,  as

shown  in Fig. 3. The  first  row  exhibits  the   pre-

diction results of the basic model, where we used

the camera projection matrix to project the pre-

dicted 3D coordinates onto a 2D plane. The sec-

ond  row  displays  the  prediction  results  of  the

MRM model for the same set of images, and the

third row presents  the  ground truth correspond-

ing to the images. Fig. 4 reveals the joint weights

learned by the MRM model for each view. As can

be clearly seen in the first column referred to as

the view (a), the right wrist joint is occluded by

the  human  body,  so  the  prediction  of  the  right

wrist  by  the  basic  model  deviates  significantly

from the actual value. However, our MRM model

assigns  a  very  small  weight  to  joint  10,  which

represents  the  right  wrist.  The  model  can  learn

information  about  the  right  wrist  from  other

views, thus achieving higher accuracy in predict-

ing  the  right  wrist.  On  the  other  hand,  for  the

view  (b)  and  view  (c),  where  the  joints  of  the

human body are not severely occluded, the model

assigns  higher  weights  to  each  joint.  Similarly,

for joint 14 in the view (d), which corresponds to

the  left  elbow,  due  to  occlusion  by  the  human

body,  the  MRM  model  also  assigns  it  a  very

small  weight.  Therefore,  the  MRM model’s  pre-

diction  of  the  left  elbow is  superior  to  the  basic

model.

Overall,  when  both  the  likelihood  of  MVJD

module and the weight triangulation module are

employed simultaneously, the model achieves the

best  predictive  performance,  with  an  MPJPE of

23.71.  This  result  fully  validates  the  synergistic

effect  between  the  likelihood  of  MVJD  module
 

(a) (b) (c) (d)

Prediction results of

the basic model

Prediction results of

the MRM model

Ground truth

Fig. 3    Visual comparison of model predictions: (a) the first perspective; (b) the second perspective; (c) the third perspective; (d) the

fourth perspective
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and the joint weighting mechanism. They implic-

itly  and  explicitly  learn  the  connections  among

multiple  viewpoints,  respectively,  complementing

each  other  and  jointly  enhancing  the  model’s

capability to estimate 3D human poses from mul-

tiple viewpoints.

λ

During the  training of  the  MRM model,  we

conducted ablation experiments in both one-stage

and  two-stage  approaches.  The  specific  results

are shown in Tab. 2. For the one-stage approach,

we  introduced  a  weight  parameter    and  per-

formed  gradient  backpropagation  by  adding  the

Lmle

Lmse

Ltotal = Lmle + λLmse

Lmle Lmle

Lmse

loss  of  likelihood  of  MVJD  module    and  the

loss of weight triangulation module   together,

i.e.,  .  For  the  two-stage  appr-

oach, we first  calculated the loss of  likelihood of

MVJD module   and after minimizing  , we

froze the backbone network and the normalizing

flow  module  of  the  model,  only  training  the

weight triangulation module to calculate  . Ini-

tially, we  believed  that  the  optimization   objec-

tives of the two modules were significantly differ-

ent,  so  we  used  a  two-stage  training  approach.

This method  allowed  the  model  to  focus  on  dif-

ferent  optimization  objectives  at  each  respective

stage.

However,  the  one-stage  training  approach

can simplify the training process, and the experi-

ment results are also quite impressive. By adjust-

ing the training strategy of  the weights,  we bal-
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Fig. 4    Visual comparison of joint weights of MRM model: (a) the first perspective; (b) the second perspective; (c) the third perspec-

tive; (d) the fourth perspective

 

Tab. 2  Ablation results for one-stage and two-stage approach
 

Training approach λ MPJPE (mm)

One-stage 1.2 23.83

One-stage 0.8 23.71

One-stage 0.5 24.41

One-stage – 23.95
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anced  the  losses  of  the  two  modules  during  the

model  optimization,  thus  improving  the  overall

prediction  accuracy  of  the  model.  As  shown  in

Tab.  2,  by  adopting  a  one-stage  training  appr-

oach with a weight of 0.8, the model’s prediction

accuracy  has  been  improved.  Overall,  while  the

training  approaches  in  the  one-stage  and  two-

stage do  have  a  certain  impact  on  model   accu-

racy, the  difference  is  not  significant.  This   indi-

cates  that  the  likelihood  of  MVJD  module  and

the  weight  triangulation  module  exhibit  high

flexibility and scalability.

 4.5    Comparison Experiments
The  MRM  model  was  trained  and  validated  on

the  Human3.6M dataset,  with  the  results  shown

in Tab. 3. The MRM model demonstrates signifi-

cant advantages  over  existing multi-view models

across  various  actions,  achieving  superior  results

in  9 out  of  14 action  categories.  Notably,  in

actions such as Dir., Pose and WalkD, the MRM

model’s  MPJPE  is  significantly  lower  than  that

of other models, with reductions of 15.3%, 19.4%,

and 5.2%,  respectively,  compared to  the  second-

best  model.  This  indicates  that  MRM  possesses

unique  strengths  in  modeling  the  diversity  of

human  motion.  The  average  joint  error  of  the

MRM  model  is  23.7 mm,  outperforming  the

TransFusion model [14] by 2.1 mm. Here, we are

comparing  with  other  heatmap-based  models,

rather  than  regression-based  models.  Heatmap-

based  models  often  outperform  regression-based

models in prediction accuracy, whereas the MRM

model  is  based  on  regression.  Nevertheless,  the

MRM model  still  achieved  performance  superior

to that of heatmap-based models in terms of pre-

diction accuracy. Moreover, models like Epipolar

transformers  [13]  rely  entirely  on  manually

designed geometric  constraints  when aggregating

multi-view features. This makes the models sensi-

tive  to  camera  parameters.  In  contrast,  when

aggregating  multi-view  features,  MRM  depends

on learned  complex  multivariate  joint   distribu-

tion priors across different views, exhibiting flexi-

bility with  regard  to  camera  parameters.  Conse-

quently, in  experimental  results,  MRM   demon-

strates  advantages  across  multiple  actions.  For

actions  like  “sit”  and  “SitD.”,  although  the

MRM model has achieved a certain level of accu-

racy,  its  advantage  is  not  pronounced  compared

to other models. We have noticed that the MRM

demonstrates a  significant  improvement  in   pre-

diction  accuracy  for  complex  actions  like  “sit”

and  “SitD.”  compared  to  its  base  model.  The

likelihood of MVJD module and the weight trian-
 

Tab. 3  Comparison with state-of-the-art methods on the Human3.6M dataset
 

Method Dir. Disc. Eat Greet Phone Photo Pose Purch. Sit SitD. Smoke Wait WalkD. Walk walkT. Average

Bartol et al. [29] 27.5 28.4 29.3 27.5 30.1 28.1 27.9 30.8 32.9 32.5 30.8 29.4 28.5 30.5 30.1 29.1

K.M. et al. [30] 39.4 46.9 41.0 42.7 53.6 54.8 41.4 50.0 59.9 78.8 49.8 46.2 51.1 40.5 41.0 49.1

He et al. [13] 25.7 27.7 23.7 24.8 26.9 31.4 24.9 26.5 28.8 31.7 28.2 26.4 23.6 28.3 23.5 26.9

Haoyu et al. [14] 24.4 26.4 23.4 21.1 25.2 26.8 23.2 24.7 33.8 29.8 26.4 24.2 23.2 26.1 23.3 25.8

Qiu et al. [1] 24.0 26.7 23.2 24.3 24.8 22.8 24.1 28.6 32.1 26.9 30.9 25.6 25.0 28.0 24.4 26.2

Edoardo et al. [16] 27.3 32.1 25.0 26.5 29.3 35.4 28.8 31.6 36.4 31.7 31.2 29.9 26.9 33.7 30.4 30.2

Shuai et al. [31] 24.6 28.3 26.0 26.5 30.0 32.1 26.0 26.3 33.5 39.7 28.4 26.4 31.1 24.6 24.9 28.5

Ma et al. [32] 21.8 26.5 21.0 22.4 23.7 26.7 23.1 23.2 27.9 30.7 24.6 23.3 21.2 25.3 22.6 24.4

Bultmann et al. [33] 22.4 24.0 22.2 21.7 24.0 23.9 22.1 22.6 26.0 26.8 24.5 22.8 24.6 21.8 21.3 23.5

MRM(without (w/o) m and w) 22.7 27.2 24.9 23.4 29.8 30.1 22.1 30.3 37.8 53.1 30.0 25.0 23.1 31.9 24.0 29.2

MRM(w/o m) 21.7 25.4 23.7 22.4 25.4 24.7 21.7 29.0 30.1 47.0 26.6 23.1 21.9 29.6 23.9 26.4

MRM(w/o w) 23.2 27.0 25.5 23.7 29.9 29.4 22.1 26.0 36.3 47.6 29.8 24.9 21.2 28.5 21.7 28.2

MRM 19.5 22.8 22.0 20.1 23.4 24.4 20.0 21.8 29.0 38.0 24.0 22.2 20.2 25.0 21.1 23.7

Note: All the values presented are MPJPE scores(mm). “m” and “w” refer to the multivariate joint distribution and joint weights

respectively. Here Dir. represents directions, Disc. represents discussion, Purch. represents purchases, SitD. represents sitting down,

WalkD. represents walk dog, walkT. represents walk together.
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gulation module in the MRM actually play a role

in predicting these complex actions. However, the

bottleneck in its low prediction accuracy primar-

ily lies  in  the  poor  feature  extraction   perfor-

mance of the backbone network for the “sit” and

“SitD.”  actions.  On  one  hand,  there  are  fewer

instances  of  “sit”  and  “SitD.”  actions  compared

to  general  postures.  On  the  other  hand,  these

actions  suffer  from  severe  occlusion.  Although

multi-view image information is input, it remains

challenging  to  recover  complete  information  in

extreme occlusion conditions.

Fig. 5  displays the  ground  truth  and   pre-

dicted  values  of  some  pose  estimation  samples,

with  “gt”  and  “pred”  representing  the  ground

truth  and  predicted  values,  respectively.  It  can

be observed that there is  significant occlusion in

the  second  and  fourth  rows,  especially  for  “sit”

where  the  arms  and  legs  are  largely  obscured.

Relying solely on single-view data would result in

the loss of crucial joint information. However, by

fusing  features  from  multiple  views,  the  model

effectively  overcomes  the  limitations  of  single-

view  observations,  enabling  precise  prediction  of

occluded joints. Even in cases of severe occlusion,

MRM  is  still  capable  of  predicting  relatively

accurate human poses. It is evident that the pro-

jected  2D coordinates,  obtained  by  mapping  the

predicted  3D  skeletal  coordinates  back  onto  the

2D plane, are quite accurate. This not only vali-

dates  the  model’s  accurate  prediction  capability

in 3D space but also confirms its reliable projec-

tion performance on the 2D plane.

Tab. 4 presents a comparison of our method

with  other  methods  on  the  MPI_INF_3DHP

dataset. MRM retains the backbone network pre-

trained  on  the  Human3.6M dataset  and  retrains

the  likelihood  of  MVJD  module  as  well  as  the

weight  triangulation  module  on  the  MPI_INF_

3DHP dataset. From the experimental results, it

can  be  observed  that  MRM  possesses  cross-

dataset transfer  learning  capability.  MRM   sur-

passed  Shin  et al.  [28]  by  8.5 mm  on  MPJPE.

Procrustes analysis is typically used to align pre-

dicted  results  with  ground  truth,  mitigating

errors caused by global rotation, translation, and

scaling.  However,  the  MRM  model  achieves  a

lower MPJPE even without this post-processing,
 

Pred Gt Pred Gt

Note: The first column shows the human skeleton with predicted 3D coordinates projected onto a 2D plane, the second column repre-

sents the predicted results of human pose estimation, and the third column displays the ground truth values.

Fig. 5    Human pose estimation results
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suggesting  that  its  predictions  are  closer  to  the

ground truth.

 4.6    Running Time Analysis
Tab.  5  compares  the  computational  time  and

complexity,  with  the  number  of  input  views  set

to  4.  It  can  be  observed  that,  compared  to  the

heatmap-based model [10],  the MPJPE increases

by only 7%, while the numbers of parameters and

multiply-accumulate  operations  (MACs)  decrea-

se by 13.8% and 32.3%, respectively. For a more

intuitive  comparison,  Tab.  5  shows  the  number

of parameters  and  MACs  of  the  backbone   net-

work  ResNet-152.  Since  the  likelihood  of  MVJD

module in  the  MRM model  is  not  required  dur-

ing inference, it does not participate in computa-

tions  at  that  stage.  Excluding  the  computations

of the backbone network, the MRM model needs

only  7.6%  of  the  multiply-add operations   com-

pared to methods based on heatmaps.

 4.7    Number of Views

Fig. 6 shows the MPJPE with different numbers

of  views  on  Human3.6M.  It  can  be  seen  that

when there are only two views, the MRM model

achieves good results  with the help of  the   likeli-

hood of MVJD module. However, as the number

of  views  increases,  the  joint  weights  can  better

integrate  information  from  different  views,

enhancing  the  model’s  performance.  Therefore,

the MRM  model  has  a  certain  stability   regard-

ing  the  change  in  the  number  of  views,  and  it

does not lose accuracy even when the number of

views is low.
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Fig. 6    MPJPE with different numbers of views

 5    Conclusion
This  paper  delves  deeply  into  the  problem  of

multi-view  3D  human  pose  estimation  based  on

multivariate joint distribution regression and pro-

poses  an  innovative  multi-view  3D  human  pose

estimation model, MRM. The model aims to pre-

dict 3D  joint  coordinates  through  direct   regres-

sion while  fully  leveraging  the  rich  and   comple-

mentary  information  present  in  multi-view  data

to  enhance  the  accuracy  and  robustness  of

human  pose  estimation.  Compared  to  heatmap-

based  models,  the  MRM model  can  significantly

reduce computational  resources  while   maintain-

ing high accuracy. To our knowledge, we are the

first  to  propose  learning  the  multivariate  joint

distribution of multi-view human poses through a

normalizing  flow  model.  This  approach  enables

the  model  to  learn  the  relationships  among

human poses  from different  viewpoints  and  pro-

vides  valuable  prior  knowledge  during  model

inference. The MRM model comprises three main

components: the  backbone  network,  the   likeli-

 

Tab. 4  Comparison  of  different  models  on  the

MPI_INF_3DHP dataset
 

Method MPJPE (mm) 3DPCK (%) AUC (%)

Chai et al. [34] 61.3 92.1 62.5

Zhang et al. [35] 54.9 94.4 66.5

Hu et al. [36] 42.5 97.9 69.5

Shin et al. [28](PA) 50.2 97.4 65.5

MRM(w/o flow) 44.6 98.4 70.6

MRM(w/o weights) 47.6 97.0 68.8

MRM 41.7 98.6 72.1

Note: (PA) stands for Procrustes analysis performed on the

prediction results. Better results are indicated by higher PCK/

AUC scores and lower MPJPE values.

 

Tab. 5  Comparison of computational efficiency on Human3.6M
 

Method
Parameter

(106)

MACs

(109)

MPJPE

(mm)

Davoodnia et al. [37] 65.4 208.7 26.4

He et al. [13] 68.1 406.5 26.9

Shuai et al. [31] 78.6 407.0 –

ResNet-152 60.0 136.4 –

Iskakov et al.(alg)

[10]
+20.0 +73.4 22.6

MRM +9.0 +5.6 23.7

Note: “+” indicates the remaining number of parameters and

MACs after removing the backbone network from the model.
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hood of MVJD module, and the weight triangula-

tion module.  The  backbone  network  is   responsi-

ble  for  extracting  image  features  and  joint

weights  from  the  input  multi-view images,   pro-

viding  a  foundation  for  subsequent  processing.

The  likelihood  of  MVJD  module  captures  the

inherent  connections  among  different  viewpoints

by  learning  the  joint  distribution  of  multi-view

pose  data,  thereby  enhancing  the  model’s  capa-

bility to  handle  occlusion  scenarios.  By   leverag-

ing  joint  weights  to  learn  the  differences  among

various  views  and  jointly  training  images  from

different views, the model can improve its robust-

ness  to  occlusion  during  triangulation.  The

weight  triangulation  module  combines  the  joint

weights extracted from the backbone network to

accurately  infer  3D  joint  coordinates  from  2D

coordinates  using  linear  algebraic  triangulation

methods.  Experimental  results  indicate  that  the

MRM model  achieves  significantly  superior   per-

formance  compared  to  existing  methods  on  two

widely  used  benchmark  datasets  for  3D  human

pose  estimation,  namely  Human3.6M  and

MPI_INF_3DHP.  In  particular,  when  dealing

with occlusion scenarios, the MRM model demon-

strates strong robustness  and accuracy.  Further-

more, as a regression-based approach, MRM can

significantly  reduce  the  number  of  MACs

required  by the  model,  which  is  crucial  for  edge

device applications. Meanwhile, the MRM model

maintains  stable  performance  across  varying

numbers of viewpoints, indicating its good trans-

ferability and practical application potential.

However, there  is  still  room  for   improve-

ment in the MRM model. When predicting com-

plex  actions  like  SitD.  in  the  Human3.6M

dataset, the error fluctuations are relatively large

compared  to  other  actions.  In  the  subsequent

steps,  we can attempt to generate more training

data  samples  of  complex  actions  through  data

augmentation techniques  or  generative   adversar-

ial  networks  (GANs),  so  that  the  model  can

learn the pose distributions of a wider variety of

complex  actions.  Additionally,  we  will  introduce

an attention mechanism into the model to enable

it to focus more on the key joints and pose varia-

tions in complex actions.
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