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Abstract— Egocentric vision has gained increasing popularity
in social robotics, demonstrating great potentials for personal
assistance and human-centric behavior analysis. Holistic per-
ception of human body itself is a prerequisite for downstream
applications, including action recognition and anticipation.
Extensive research has been performed for human mesh re-
covery from the exocentric images captured from a third-
person view, but limited studies are conducted for heavily
distorted yet occluded egocentric images. In this paper, we
propose Egocentric Human Mesh Recovery (EgoHMR), a novel
hierarchical network based on latent diffusion models. Our
method takes a single egocentric frame as the input and it
can be trained in an end-to-end manner without supervision
of 2D pose. The network is built upon the latent diffusion
model by incorporating both global and local features in a
hierarchical structure. To train the proposed network, we
generate weak labels from synchronized exocentric images.
The proposed method can perform human mesh recovery
directly from egocentric images and detailed quantitative and
qualitative experiments have been conducted to demonstrate
the effectiveness of the proposed EgoHMR method.

I. INTRODUCTION

Supported by recent advances of Al and sensing tech-
nologies, social robots, either wearable or contact-free, are
being actively explored for performing long-term monitoring
and supporting daily activities for personalized intervention
and assistance [1], [2]. Among different sensing modalities,
vision is one of the mainstream techniques for research in
social robotics, which gives sufficient visual cues of the
human target and surrounding environments [3]-[6].

Egocentric vision is an emerging topic in social robotics,
which represents the processing and analysis of images cap-
tured by either a head-mounted or a chest-mounted camera
[7]. Compared to the conventional third-person-view vision
with camera [5], [6], [8], egocentric vision is more flexible
and convenient since the egocentric camera can move along
with the human target in a free-living environment [7], [9].
According to the viewpoint of the body-mounted camera,
the egocentric vision can be divided into the camera looking
outwards [10], [11] and the camera looking downwards [12]—
[14]. When the egocentric camera looks outwards, it can
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Fig. 1. Illustration of our proposed method for human mesh recovery
based on a single egocentric image via latent diffusion. The upper box
shows the process of the latent diffusion. The model step by step decodes
the feature from the latent space and finally outputs the estimated human
mesh and 3D pose. It can be found that from the early stage (the left part)
the reconstruction is bad and unreasonable while from the final stage (the
right part) the reconstruction is relatively accurate.

imitate the visual perception of the human by focusing more
on the surrounding environments but less on the wearer
him/herself. When the egocentric camera looks downwards,
especially with a fisheye lens to enlarge the field of view,
more information about the human target can be captured.
Consequently, egocentric vision is advantageous for long-
term human-centric perception, bringing new opportunities
for social robotics in terms of human behavior analysis and
social activities understanding [9], [14], [15].

Egocentric human body reconstruction is one of the most
significant prerequisites in human behavior analysis [16],
[17], which refers to modeling the 3D human body of the
person wearing the camera from the egocentric images. 3D
human reconstruction is greatly influenced by the devel-
opment of powerful human body models like SMPL [18].
The 3D human body reconstruction with these parametric
models can be simplified into the task of predicting the
shape and pose parameters and fitting in the defined body
model to recover human meshes. Although there has been
a tremendous process in 3D human modeling, the existing
methods relying on images captured from the third-person-
view camera easily fail to predict the accurate human body
when directly applied to egocentric images. Recent research
efforts have been largely devoted to human 3D pose esti-
mation from egocentric images. Many related works focus
on training the network either from synthetic images via
fully supervised methods [12], [13], [19] or from real-world
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images via weakly supervision and domain adaptation [20],
[21]. Compared to human pose estimation, the reconstruction
of human mesh can provide more sufficient characterization
of the human body but there is a lack of relevant research.

There are several inherent challenges for egocentric human
body reconstruction. First, although increasing real-world
egocentric datasets have been released, the annotations of
egocentric images for body reconstruction are hard to ac-
quire. Second, the 2D/3D pose serves as the strong infor-
mation prior for most human mesh recovery methods from
the third-person-view images while 2D/3D human pose can
not be easily estimated from the egocentric images. Third,
there exist severe human body self-occlusions from the
egocentric view looking downwards, especially for the lower
limbs, leading to significant uncertainties for egocentric pose
estimation or body reconstruction.

To address aforementioned challenges, we propose a dif-
fusion based method for human mesh recovery from the
egocentric images, namely EgoHMR. To overcome the diffi-
culties in acquiring ground truth for training, we leverage the
extra third-person-view camera to provide weak supervision.
Thus, we choose the ECHP [22] and EgoPW datasets [20]
to train our model since these two datasets contain the
synchronized images captured from both egocentric and
third-person views. To avoid the needs for 2D/3D pose priors,
our proposed method directly recovers the human mesh from
the egocentric images and can be trained in an end-to-end
manner. Furthermore, we design the network built upon a
probabilistic diffusion model to characterize the uncertainty
of the egocentric images and estimate the shape and pose
parameters based on parametric human model SMPL [18].
To the best of our knowledge, this is the first work to perform
the egocentric human mesh recovery from a fisheye camera
looking downwards. It should be pointed out that our method
can also be applied for egocentric human pose estimation by
obtaining the joint positions directly from the SMPL model.

In summary, the main contributions of this paper are:

« We propose an end-to-end hierarchical diffusion prob-
abilistic model for human mesh recovery from an ego-
centric image captured by a camera looking downwards.

e Our method skips the inaccurate and tedious process
for egocentric 2D pose estimation, and achieves the
comparable results with state-of-the-art methods which
require 2D cues as supervision.

o Quantitative and qualitative results on different datasets
demonstrate the effectiveness of our proposed hierarchi-
cal network for both human mesh recovery and human
pose estimation.

II. RELATED WORKS
A. Egocentric 3D Human Body Modeling

With the progressing popularity of egocentric vision, 3D
human body modeling has attracted great attention recently,
which is the prerequisite for performing egocentric-related
tasks, e.g., the human-centric action recognition, behavior
analysis and social interaction.

Increasing research interests have been gained on 3D
human pose estimation from egocentric images. On the one
hand, some approaches focus on egocentric stereo vision
via learning the feature correspondence to improve the
performance. Rhodin et al. [23] was the first to perform
this task from a head-mounted stereo fisheye camera system.
Zhao et al. [24] proposed to utilize body part information to
deal with the problem of body self-occlusions and limited
body coverage. Akada et al. [19] proposed a new large-
scale naturalistic dataset built on synthetic environments
for stereo egocentric pose estimation. On the other hand,
since the stereo egocentric vision system is inconvenient,
more and more methods have appeared for egocentric pose
estimation from monocular images. Tome et al. [12] and
Xu et al. [13] proposed two large synthetic datasets for
training the model to estimate the 3D human pose based
on the 2D heatmaps. However, there exist serious domain
shifts between the synthetic and real-world images. Wang et
al. [20] combined the exocentric and egocentric real-world
images together to generate the plausible weak labels to train
the model on the real-world dataset.

In addition, some researchers perform the task of human
mesh recovery from egocentric images. Liu et al. [25]
proposed a simple yet effective optimization-based method
to reconstruct 3D human body meshes from monocular
egocentric videos by leveraging human-scene interaction
constraints. Zhang et al. [26] proposed a new large-scale
dataset for human pose and shape estimation from egocentric
views. However, existing methods mostly reconstruct the
body meshes of the interacting person from the second-
person view in the egocentric videos, instead of the person
wearing the egocentric camera from the first-person view.
Consequently, our proposed method is designed for recover-
ing human meshes of the person wearing the camera.

B. Diffusion Probabilistic Models

The diffusion model aims to learn the probabilistic distri-
bution over gradually adding noises on inputs [27]. During
the forward process, the original input is projected to the
Gaussian noise by adding noise step by step, while during
the inverse process the model denoises the Gaussian noise
to generate the expected output. Since the processes of
noise adding and removing enable the generated images
highly robust to domain shifts, diffusion models have shown
excellent performance in the field of image generation [28]—
[30] and super-resolution [31]. Meanwhile, diffusion models
have also been explored in 3D domains for point clouds
generation and completion [32], [33], which show impressive
ability to model point-voxel representations. Inspired by [28],
diffusion models can be applied to the latent space for
parameters regression as well. In this paper, we leverage the
diffusion model to characterize the latent feature space of
the egocentric images, and then predict the shape and pose
parameters of the human target.
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Fig. 2. Overview of the proposed EgoHMR network. The black arrows indicate the direction of the information flows. The egocentric image is fed into
the feature extractor to obtain the global feature and local feature from the original image and the zoomed image, respectively. Then the hierarchical latent
diffusion model is implemented to estimate the body pose parameters. A weights regressor is designed to estimate the weights to balance the lower limbs
pose from two different branches. Meanwhile, the shape parameters are extracted by a regressor and a discriminator is introduced to make the estimated
shape and pose more plausible. Finally, the output of our network is the human mesh based on SMPL model and 3D human pose can also be extracted

from it.
III. METHODOLOGY

A. Problem Statement

In this paper, we aim to perform Human Mesh Recovery
(HMR) from an egocentric RGB image captured by a head-
mounted fisheye camera. We denote the captured image at
each frame as I, and the zoomed image which contains the
lower limb as I;. The zoomed image facilitates the model
to concentrate more on the details of the lower limbs, as
they are always occluded by the upper body in egocentric
vision. As shown in Fig. 2, our proposed model consists of
five parts, i.e., a pair of feature extractors, a pair of latent
diffusion models, a shape regressor, a weights regressor and
a discriminator. Given the egocentric image pair {1, I;},
the network estimates the SMPL parameters {O,,0,} to
recover the human mesh, where ©, and ©,, refer to the shape
parameters and pose parameters respectively. The positions
of 3D body joints can be directly derived from the SMPL
model as for egocentric human pose estimation.

B. Conditional Latent Diffusion Model

Before introducing the proposed network architecture, we
give an overview of the conditional latent diffusion model.
Consider that in latent space there are a series of latent
variables {zr,2z7_1,...,21,20} with decreasing levels of
noise under the condition denoted as x, where 2, is output
of the diffusion model and zp is sampled from standard
normal distribution zz ~ N(0,I). The ground truth forward
transition distribution is denoted as q(zt|zt—1,2), which
represents gradually adding noise to the former variable, and
the diffusion model aims to learn the inverse conditional
transition distributions pg(2¢—1|2¢, ) to recover the original
variable from the noise sampled from normal distribution,
where 6 refers to the parameters of the diffusion models.
According to Markov transition probabilities, the transition

probabilities can be written as:

q(z0.7, ) = q(20) {1 q(2¢|2e-1, ) (1)

po (0.7, ) = pler) I 1 po(2e—1|2e, @) 2

Let we denote {31, B2, ..., 7} as a sequence of coeffi-
cients to control the process of adding noise, following to
the formulations in [27], we simplify the inverse transition
distribution:

Q(Zt|2t—1,17) NN(\/l—ﬂtZt—lyﬁtI) 3)

pg(Zt,1|Zt,l’) NN(/JO(zht’x)aBtQI) “)

1
(e t.2) = e J%emx,m
o )

where €4 (2, x,t) can be calculated as the output from the
reparameterized model and pg(z¢, t, z;) represents the mean
of the estimated distribution. The training objective is to learn
the marginal likelihood of py(z, x) and it equals to constrain
the Lo loss between output € (2, 2, t) and noise e sampled
from standard normal distribution:

LUFF = |leg(z, 7, 1) — €| ©)

During the inverse process, the diffusion model generate
the final output zy from the sampled noise € ~ N(0,I)
according to the learned distribution py(z;—1|2¢, ) step by
step in Eq.(7).

Zt—1 = m(zt \/m

€0z, 2,t))++/Bre
@)
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C. Model Design

The overview of our designed model is shown in Fig.2.
The input of our model is the pair of an egocentric image
and its zoomed patch which contains lower limbs of the
human target. Given the input pair {I., I; }, we encode it with
two separate feature extractors denoted as {E.(+), £;(+)} and
obtain the global feature z. = E.(I.) and the local feature
x; = Ei(I;), respectively. The input size of the original
image is 384 x 384 and the zoomed image is 56 x 56.

After obtaining global feature and local feature, we im-
plement two latent diffusion models {D,(-), D;(-)} to learn
the conditional distribution py|,, (2, ) and pg|,, (2, ;). The
final output of the two diffuion models are SMPL pose pa-
rameters {O, ¢, O, ;}. The pose parameters in ©, . contain
N, = 24 body joints while in ©, ; only contain N; = 9 lower
body joints. To balance the pose parameters from different
diffusion models, we design a reweight module to regress the
average weights. The reweight module R(-) is built based
on MLP and takes the local feature as input and regresses
the weight w = R(z;) for nine lower body joints. To make
the weight plausible, the last layer of the MLP is sigmoid
function so that the range of the weights is limited to [0, 1.0].
The averaged pose parameters are:

O, = (1 —w)Opc +wO,, (8)

The shape parameters O, are inferred by passing the
global feature z, via a MLP based regressor S(-), i.e.,
O, = S(x.). A discriminator is also implemented to make
the estimated pose and shape parameters more plausible. The
estimated SMPL parameters {O,,©0,} are fed into SMPL
models to generate the human mesh as well as the 3D human
pose.

Finally we introduce the loss functions in our proposed
model. Since there is no available ground truth under the
egocentric view, we supervise our proposed model with
the generated weak labels. The weak labels can be de-
rived from the synchronized third-person-view images from
the existing exocentric human mesh recovery method [34].
Assume that we have collected the weak labels of SMPL

parameters {©,’, 0y} of the input egocentric images. To

train the diffusion models, the diffusion loss {Eldif Fopdiffy
is implemented for {D.(-), D;(-)}:

LT = leo(z, w0, t) = ello, LE7F = [leg (20, e, t) = ell>
9
We also explicitly supervise the estimated parameters with
weak labels and denote this loss function as £P™:

L =110y — 6yl +[|0Y — O]l (10)

Similar to [35], we add extra constraints to the predicted
pose parameters with loss function £°"*" which forces the
estimated pose parameters to be close to the orthonormal
6D representations and adversarial learning loss £ to
generate more reliable parameters. Eventually, the training
loss function L is:

L= l:ldiff +£§sz 4 [pm _|_£orth _|_£adv (11)

During the inference stage, our proposed hierarchical
model can generate the results when the egocentric image
and the zoomed lower body part are fed into the network.
Meanwhile, our model can also work when only the egocen-
tric image is taken as input without the zoomed part, and we
set the weights w of the lower body part to zero.

IV. EXPERIMENTS

A. Datasets

Since traditional methods trained on exocentric images
fail to recover the egocentric human mesh, it is difficult to
directly generate weak labels from the egocentric images.
Consequently, we choose the ECHP [22] and EgoPW [20]
datasets which contain the synchronized images from the
third-person view and the egocentric view. We apply PARE
[34] on the exocentric images to generate the weak labels
{©},0¢}. For the ECHP dataset, the data was collected
from two third-person-view cameras and one head-mounted
egocentric camera, and there are 9 different subjects perform-
ing 10 daily actions. For the EgoPW dataset, the data was
collected from one third-person-view camera and one head-
mounted egocentric camera, which contains 97 sequences of
10 actors performing 20 different daily actions. Following
the experiments in [20], we test the model on the real-world
dataset from [36] about 12k frames.

B. Implementation Details

The feature extractor {E.(-), E;(-)} has the same structure
as ResNet50 which is built upon several basic CNN blocks
with convolution layers, batchnorm layers and relu activation
function. The output size of feature extractor is 2048. For
other MLP based models, we implement the basic MLP
layer proposed in [37]. The diffusion model {D.(-), D;(-)}
is built upon three basic MLP layers with input size 2048 and
iteration times 7' = 10. The regressors for shape parameters
and lower limb weight are both built upon one basic MLP
layers with input size 2048 and output 10 shape parameters
and 9 lower limb weights. The discriminator has the same
structure in [38] with 2D convolution layers and MLP layers.
The models mentioned above are implemented by PyTorch
and trained 30 epochs. We apply Adam for optimization with
a learning rate of 0.0001.

C. Evaluation Metrics

Since it is hard to acquire the ground truth of human mesh
for egocentric images, we give the quantitative results of 3D
human pose estimation obtained from the egocentric human
mesh recovery for comparisons. The evaluation protocol we
use is PA-MPJPE, which calculates the Mean Per Joint
Position Error after applying Procrustes Analysis between the
ground truth and the estimated results. Since the results of
our model depend on the sampling noise values, we sample
10 times and report the mean value to represent performance
of the model.
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TABLE I
RESULTS IN MILLIMETERS (mm)

TABLE I

RESULTS IN MILLIMETERS (mm) ON ECHP DATASET

ON EGOPW DATASET Approaches All

Squatting Walking Dancing Stretching Waving Boxing Kicking Touching Clamping Knocking

Approaches All

Tome [12] 739 184 726 798 78.2 639 719 731 67.7 81.1 72.0
Tome [12] 112.0 Xu [13] 712 707 768  70.1 69.5 655 681 720 65.8 85.9 66.0
Xu [13] 1023 Kol 35] 66.8 776 758 794 67.8 529 633 695 573 53.8 58.8
Kolotouros [35] 88.6 olotouros [35]
Wang! [20] 842 wlo Dy (+) 697 693 849 7938 723 546 683 707 61.2 553 64.3
wio Di() 8.0 wlo R(-) 67.5 716 816 763 68.5 499 680 699 54.9 56.0 61.2
wlo R(-) 90.2 wio LIS 689 756 79.8 772 68.3 516 682 718 56.3 64.0 62.2
who L] 89.2 wlo LP™ 1495 1382 1480 1476 156.0 1472 1554 1412 1499 157.7 155.3
wlo LP™ 120.4

Ours 663 712 777 135 70.0 503 650  68.1 56.7 56.5 60.4
Ours 85.8

+ More training data (training on both
synthetic and real-world images).

D. Comparison Methods and Ablation Studies

On one hand, we compare our proposed method with
several egocentric 3D human pose estimation methods. Tome
[12] proposed a three-branch encoder-decoder network for
pose estimation and Xu [13] proposed a two-branch network
with both original and zoomed images as input, which
is similar to the hierarchical network we propose. Wang
[20] proposed to learn the different representations between
synthetic and real-world images, exocentric and egocentric
images, which achieved the state-of-the-art performance on
egocentric human pose estimation. The three methods all
require egocentric 2D pose as supervision cues while our
proposed method directly estimates 3D pose without 2D
supervision. Since the source code of Wang has not been
published yet, we use the results reported in their original
paper. Wang trained their method with the combination of
synthetic images and real-world images while our proposed
method only depends on the real-world images, and we
report the result without learning domain adaptation to make
the fair comparison. On the other hand, we compare our
model with the human mesh recovery method and do ablation
studies. We compare our method with [35]. Kolotouros [35]
proposed to implement normalizing flows to characterize
the probability of human pose estimation and the learned
distribution can be optimized for different downstream tasks.
Here we choose the mode value of the normal distribution
as the sample value to represent the learned model. We
also conduct several ablation studies to demonstrate the
effectiveness of different modules. The comparison methods
and ablation studies are noted as follows:

o Tome [12], a three-branch encoder-decoder network for
egocentric pose estimation trained with 2D pose and 3D
pose as supervision.

e Xu [13], a two-branch network for egocentric pose
estimation with original and zoomed images as input
which requires 2D pose and 3D pose as supervision.

o« Wang [20], the state-of-the-art method for egocentric
pose estimation with three different kinds of images
as input which requires 2D pose and 3D as weak
supervision.

« Kolotouros [35], an approach learns the distribution of

plausible 3D poses based on normalizing flows and can
be optimized to different downstream applications.

o w/o Dj(+), an ablated model by removing the branch of
zoomed images and the estimation only depends on the
global feature.

e w/o R(-), an ablated model by removing the reweight
process and manually select the w as 0.5.

e W/o ﬁfhf 7, an ablated model by removing the loss
function of the second diffusion model.

e w/o LP™, an ablated model by removing the loss
function of explicitly supervising pose parameters.

V. RESULTS AND ANALYSIS
A. Quantitative Results

We report the quantitative results of human pose estima-
tion since the two datasets provide ground truth 3D pose for
evaluation. Without further clarification, the bold and the
underline values in the table refer to the best and the second
best performance in each column, respectively. We report all
the results in millimeters (mm).

1) EgoPW dataset: We evaluate our proposed method on
the public EgoPW dataset and report the PA-MPJPE for the
average performance in the upper part of Table I. It can be
found that our method achieves the comparable performance
(PA-MPJPE=85.8mm) with the state-of-the-art model. Note
that our method has two potential advantages over theirs. The
method proposed by Wang et.al. is supervised under both 2D
pose and 3D pose while ours skips the inaccurate process
of 2D pose estimation, and their method trains the model
with synthetic dataset Mo2Cap? [13] and real-world dataset
EgoPW [20] while ours only trains on EgoPW [20] with less
training data. It can also be found that the performance of our
method is much better than other egocentric pose estimation
methods [12], [13] with the improvement PA-MPJPE about
25mm. Our method also performs better than the existing
human mesh recovery method Kolotouros et.al. [35] with an
improvement of about 3mm.

2) ECHP dataset: We evaluate our proposed method on
the ECHP dataset and report the PA-MPJPE for the average
performance and for each action in the upper part of Table
II. It can be found that our proposed method achieves the
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Fig. 4. Visualization results of our proposed method compared with state-
of-the-art exocentric human mesh recovery method [34]. Note that these
images are not used for training. Our method can achieve the comparable
performance while only taking the egocentric images as input.

best performance (PA-MPJPE=66.3mm) compared to three
different methods [12], [13], [35]. Among ten different
actions, our method achieves the best performance or the
second performance on eight actions, demonstrating the
effectiveness of our proposed method.

3) Ablation studies: We conduct four ablation studies to
evaluate the performance of different parts in our network
architecture and report the PA-MPJPE in the lower part of
Table I and Table II. It can be found that different parts of
our proposed method all play crucial roles to perform the
task. The hierarchical structure D;(-) performs better than
the single branch because the zoomed image provides the
local feature of the lower body part which promotes the
model to estimate the lower joints. The reweight process
R(-) makes the model learn the weights distribution instead
of selecting appropriate weights manually. The loss function
E;“f 7 helps the latent diffusion model conditioned on local

feature converge faster. It can also be found that the loss
function £P™ which explicitly supervises the pose and shape
parameters with weak labels improves the performance best
according to four ablation studies. It implies that weak labels
play important roles in the egocentric human mesh recovery
and the explicit supervision enhances the performance.

B. Qualitative Results

Fig. 3 presents the visualization results of our proposed
method for egocentric human mesh recovery as well as
human pose estimation on two datasets. The left part refers
to the performance of the model on EgoPW dataset and the
right part on ECHP dataset. For human pose estimation, we
visualize both the estimated 3D pose and the ground truth in
red color and blue color, respectively. Fig. 4 shows the results
of our proposed method with existing exocentric human
mesh recovery method [34]. Note that images in Fig. 4 are
not used for training the model. Given a single egocentric
image, it can be seen that EgoHMR can estimate reasonable
human mesh and 3D pose for different actions, even for the
images with severe body occlusions, which demonstrates the
good performance of our proposed method.

VI. CONCLUSIONS

This paper proposes a hierarchical latent diffusion model
called EgoHMR to perform the task of egocentric human
mesh recovery from a single RGB image. We take the first
attempt to perform the human mesh recovery from a single
egocentric image without 2D pose supervision and the results
on different datasets demonstrate the effectiveness of our
proposed method. Specifically, we generate weak labels from
the synchronized exocentric images to get rid of the ground
truth acquisition, and we also design a hierarchical latent
diffusion network to incorporate the global feature from the
original egocentric image and the local feature from the
zoomed image focusing on the lower body part. In future
work, we are going to add temporal constraints to the 3D
human modeling and incorporate the egocentric human mesh
recovery with more tasks in social robotics.
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