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ABSTRACT

EGOROOM: EGOCENTRIC 3D POSE ESTIMATION
THROUGH MULTI-COORDINATES HEATMAPS

Recent head-mounted virtual reality (VR) devices include fisheye lenses oriented to users’
bodies, which enable full body pose estimation from video. However, traditional joint detection
methods fail under this use case because fisheye lenses make joint depth information ambiguous,
causing body parts to be self-occluded by the distorted torso. To resolve these problems, we
propose a novel architecture, EgoRoom, that uses three different types of heatmaps in 3D to predict
body joints, even if they are self-occluded. Our approach consists of three main modules. The first
module transmutes the fisheye image into feature embeddings via an attention mechanism. Then,
the second module utilizes three decoder branches to convert those features into a 3D coordinate
system, with each branch corresponding to the xy, yz, and xz planes. Finally, the third module
combines the three decoder heatmaps into the predicted 3D pose. Our method achieves state-of-

the-art results on the xR-EgoPose dataset.
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INTRODUCTION

Metaverse, a virtual shared space, is posited to revolutionize long-distance interactions with
others, be they meetings or hobbies. Accurately translating the position of the physical body to
virtual reality (VR) via human pose estimation is key to enabling these interactions. For example,
if a user is dancing, their key points need to be accurately recognized, translated to the VR context,
and rendered in the Metaverse. Specifically, we focus on how body pose can be captured by a
downward-facing fish-eye camera affixed to a Head Mounted Display (HMD) [12, 25, 31, 34, 37],
allowing body joints to be inferred as 3D keypoints.

The accurate rendering of body orientation in VR enables a number of possibilities. First,
human communication is multimodal, and because gesture is a key modality for communication [7,
20, 29, 35, 36, 38], accurately capturing body pose will enable better interactions with others in the
Metaverse. Further, improving body pose rendering can allow the Metaverse to become a platform
for more serious interactions — for example, an athletic trainer can virtually monitor an athlete’s
injury risk while they train, or lead virtual rehabilitation sessions with injured athletes [4]. Accurate
egocentric pose estimation also facilitates human-Al interactions; accurate body pose information
may be utilized by machine learning models to help coaches plan athletes’ training plans [27].

Fisheye cameras are commonly used to capture egocentric views of body poses [12, 25, 31, 34,
37] because they make it possible to capture action from a wide perspective. Yet fisheye cameras
tend to distort images and often cause body parts to be self-occluded by HMDs’ emphasis on the
torso. Traditional human body pose estimation fails because of the domain mismatch; for instance,
an image of a straight arm can appear as a curved arm through the fisheye lens, thus necessitating
a real-time solution for human body pose estimation.

Traditionally, body-centered pose estimation [1, 13, 31, 37] rather than a global pose [25,
34] struggles with changes in direction of movement, such as identifying that a figure is turning
around. Estimating 3D poses in global space is more challenging because it requires both local-

ization and mapping techniques, such as ORB-SLAM 2 [19, 34] in addition to processing local



(c)

Figure 1.1: An overview of our approach to predicting a 3D human pose from an egocentric view image (a).
Our first two modules, the Attention Module and the Multi-branch Decoder, predict key body points in three
points of view. The outputs of the Multi-branch Decoder are body heatmaps on viewpoints of xy, yz, and 2
planes (b). The predicted body heatmaps are transferred to 16 body keypoints into a 3D coordinate system
through the 3D pose extractor. This module generates a figure including both ground truth and our prediction
(c). In the figure, the blue skeleton represents ground truth and the red skeleton shows our prediction. Each
axis length of (b) is 280 cm. The exact volume, which measures 280 cm x 280 ¢cm x 280 ¢m, is EgoRoom
(Chapter 4)

poses for location in global space. Our method predicts body joints for a specific human-centered
space, making it more constrained than traditional global space estimation, while still overcoming
traditional limitations in body-centered methods.

To address such issues related to image distortion and self-occlusion in body pose image detec-
tion, we propose a novel, real-time approach using a Multi-branch Decoder, visualized in Figure
Figure 1.1. Our neural network produces three different types of heatmaps through two different
3D coordinate systems. We found that our approach outperforms the previous egocentric state-of-

the-art result on xR-EgoPose [32]. Here are our contributions:

. We propose a novel approach for unstable estimation that corrects for image distortion and

self-occlusion.
. We achieve state-of-the-art results for egocentric 3D pose estimation.

. Our solution runs in real-time, enabling real-world use.



. Ours is the first study about egocentric body pose estimation in a specific volume: 280 cm X

280 cm x 280 em.

We organize the remainder of this paper as follows. First, we discuss relevant related work
(Chapter 2). We then describe our approach and architecture (Chapter 3), and present our state-of-

the-art, real-time results compared with others (Chapter 4). Finally, we discuss and conclude our

findings (Chapter 5).



RELATED WORKS

A multitude of work has been done on the broad area of 3D human pose estimation; however,
here we focus on the more constrained problem of 3D human pose estimation from an egocentric
perspective. Typically, the egocentric body is captured with a fisheye lens rather than a traditional
lens. This is because fisheye lenses provide a larger field of view than traditional lenses, allow-
ing access to more body information, and thus the potential for improved accuracy in body pose
estimation [12, 25, 34, 37, 40]. We similarly assess our method on a monocular fisheye camera
dataset [32] and describe sensor-less human pose estimation on a specific space.

2.1 Egocentric 3D Human Pose Estimation

Several approaches to egocentric human pose estimation have been explored through varying
settings of camera, types of datasets, or neural architectures. The word egocentric has mainly
been interpreted in two ways. The "inside-out" view captures the egocentric perspective through
a camera mounted on a person’s chest [12, 13, 26] or head [39]. The "heads-down" view, on
the other hand, refers to the egocentric perspective captured from a downward camera mounted
on an HMD [31, 34, 40] or a helmet [25, 37]. Additional parameters for human pose estimation
include the stereo and the monocular viewpoints. Stereo viewpoint provides greater depth and
perspective than the monocular field of view [6, 25]. However, monocular viewpoint requires
less computational knowledge and can be more easily installed than stereo viewpoint [31, 34, 37,
40]. In addition, egocentric datasets consist of multiple types: synthetic data [32, 37], real-world
data [37], and global space data [34]. Synthetic data facilitates model training, but real-world
datasets are typically required to fine-tune model since training on synthetic data alone rarely
generalizes to real-world performance. In specific conditions that require human pose estimation
globally, such as tracking of an athlete for preventing injuries [4], a model which is trained on the
global space dataset is useful.

Two main approaches have been considered for obtaining 3D human keypoints. One approach

is a directed 3D pose prediction from an image [10, 14, 17, 21, 30, 40, 43], and the other approach



is a two-step strategy which predicts 3D pose from estimated 2D joints [2, 3, 5, 12, 16, 18, 22, 24,
28, 31, 37, 41, 42]. Here, we propose a three-step approach which predicts 3D pose directly using
monocular fisheye data to identify body joints. Our approach runs in real-time, an essential feature
for real-world VR applications such as human-human communication.
2.2 3D Pose Estimation in space

Typically, egocentric human pose is expressed as self-centered pose and interpreted as human-
centered plots in local space [13, 31, 40]. While some works [25, 34, 39] have attempted to
estimate egocentric human pose in global space, the predictions are unstable because they are
estimating across large areas, and SLAM [19] is required. Our approach predicts 3D human poses
in a human-centered volume, which allows for prediction of occluded or out-of-frame joints since

spatial information covers the limitations of egocentric view.



METHODS

An overview of our architecture for 3D human pose estimation is depicted in Figure 3.1. Our
three-step approach involved three main modules: the Attention Module, the Multi-branch De-
coder, and the 3D Pose Extractor. In the first step, the Attention Module estimated a focal point
in the input image from which it extracted features from the input image and a highlighted image.
Next, the Multi-branch Decoder used these extracted features to predict three types of heatmaps
based upon two sets of 3D coordinates. Each type of heatmap implied distinguishable body infor-
mation that appeared in a different perspective. Finally, the 3D Pose Extractor used the predicted
three heatmaps to produce keypoints of an actual 3D pose.

3.1 Body Attention Module

In our approach, we utilized the Attention mechanism [9, 23, 33] to gather information about
the features of the highlighted body. Our model predicted 3D body keypoints directly rather than
basing predictions upon 2D pose estimations. We proposed that this direct approach would produce
more accurate predictions of body pose position.

This module took a normalized RGB image I € R#45*445%3 a5 input. To normalize images,
we subtracted their means and then divided by their standard deviations. The Attention Module
consisted of the global and local branches, as described in Figure 3.2. The global branch produced
amask M € R%>*9*! that highlighted the body of the RGB image / and applied the features used
to generate the mask to the fully-connected layers. The global branch is composed of a pretrained
layer ResNet [11], a pooling layer, a convolutional layer, and five subsequent deconvolutional
layers. The output of the deconvolutional layers H € R%*9>*16 produced 16 heatmaps which
corresponded to the positions of body-joints in the input image. Each heatmap H is merged as
H e R9>95x1 with a maximum value of one for multiplying element-wisely with the small size
of input image in the local branch.

In the local branch, the input image ! is resized to a small image I € R?*95*3 to be multiplied

by the mask M. This step directs focus to the body by precluding the image background. The
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Figure 3.1: Our proposed architecture: an input image is passed through the Attention Module (described in
Section 3.1), which produces embeddings in a latent space Is. These embeddings are subsequently processed
through a Multi-branch Decoder that predicts three different types of heatmaps with rotation vectors for each
body-joint. The 3D pose extractor then extracts the position and rotation of each joint in 3D using the outputs
of decoders.

highlighted body image plugs into a pretrained layer ResNet [11] and then into a pooling layer. The
local branch output is flattened and added to the global branch output. The merged embeddings
of both branches are applied to three fully-connected linear layers to generate a latent space Is.
Note that the last two layers of the ResNet [11] were discarded to manipulate the embeddings to
the fully-connected layers.
3.2 Multi-branch Decoder

This module interprets human poses in 3D coordinate systems based upon the output of the
Body Attention Module (Section 3.1). The merged features of the global and local branches are
extracted to the small embeddings R'2® by the fully-connected layers. The embeddings are deliv-
ered into the module as input, which the module uses to produce three distinct types of heatmaps.
Each type of heatmap H Map, € R126%126¥16 presents body joints from a different viewpoint of 3D

coordinate system. By predicting three types of heatmaps, the Multi-branch Decoder clarifies each
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Figure 3.2: Details of Attention Module. An input image is applied to global and local branches. In the
global branch, a mask is generated to highlight a body of the image. The features that are used to produce
the mask are flattened to merge with the features of the local branch. The local branch extracts features from
the body-focused small image. The outputs of both branches are combined to plug in the fully-connected
layers.

body joint and verifies the predictions simultaneously through three points of view, in turn resolv-
ing self-occlusion and image distortion issues associated with downward-facing fisheye camera
body pose capture.

To produce the output, we used a novel Multi-branch Decoder, with each branch generating
heatmaps and rotation vectors of each body-joint. The embedding latent space s passes through
three fully-connected layers and three linear layers with LeakyReLU [15]. We used the 3D co-
ordinate system, built with x, y, and z coordinates, to link the three fully-connected layers to the
three branches which are xy decoder, yz decoder, and zz decoder. The outputs of these decoders
are heatmaps that correspond to views of xy, yz, and xz planes. For example, the heatmaps of the

view of xy plane are generated by the xy decoder. Note the outputs of the three branches benefit



when occluded body joints from one view are visible on another. We also include the prediction of
rotation vectors from the Rotation Decoder.
Let the training set 7" have the set of body joints B.J and B.J C T, then a i-th joint (z;, y;, 2;) €

BJ. One of the ground truth joints of 3D Pose (z;’,y; ', 2; ') € BJy was defined as:

= 63
=g I
’ Y; X 126
1o Bix 126 3.1
-+ 80) x 126
280

We divided each coordinate value by an approximated value Space,,q., 280.0 cm, which in-

cludes margins of 20 cm for generating heatmaps, calculated by:

Spaceor = max{ max — min |, | max — min |, ( max — min } + 20
VeeX  VzeX YyeY  VyeY VzeZ VzeZ (3 2)

where XY, 7 € BJ

We chose each maximum and minimum value based on the training set ground truth. We multiplied
by 126 to reduce the length of ranges of all axes to 126 cm. We then added 63 to x and y axes
and added 80 to z axis to match all the range of axes from 0 to 126.0 (Eq. 3.1). A set of new
body joints B.J, were used to make heatmaps for loss functions (Section 3.4). The three types of
heatmaps provided different viewpoints of three coordinate systems and these views were identical
to xy, Yz, and xz planes.

3.3 3D Pose Extractor

The extractor calculated 3D body keypoints from the outputs of three decoders (Eq. 3.1) using
heatmaps and computed human body joints in 3D. Each output of the decoder contains body-joint
position information in two different coordinate systems. The extractor provides predictions by
merging the results from each coordinate.

o —

Let the outputs of the Multi-branch Decoder be H M, , HM,,

Yz

and }T]W\m A predicted i-th

body joint (z;, y;, Z;) is calculated as:



with

where

Loy, Loy, = I(HMryi)
Ly, Tye = I(HM,.)

[xzz; [xzz = [(HMIEZZ>
3.3)

I(hm) = {index of v}

hm € HM, value v € hm and v > 0.95 max

hm

We calculated the predicted position of each body keypoint using the indices of values greater

than 95% of the maximum value of each heatmap. We estimated actual 3D body points using the

set of indices for each coordinate.

ng—1
1 x
F=—— I, where I, = I,,,,, U I,
N, “
1 ny—1
y=— Z 1y, where I, = Iy, U I, 4)
"y o
1'&
—— I, where I, =1,, UlI,,.
n, 4
1=0

Note that n,, n,, and n, are numbers of elements of /., I,, and I,. We calculated the mean of

the union of two sets which hold indices in each coordinate. For example, I, represents predicted

positions in the = axis of EgoRoom (Figure 1.1 on (c)). The mean of the index set of x coordinate

I, inferred the highest possibility of x’s position of the corresponding joint. A 3D point (Z, 7, 2)

can be described as a predicted joint with the highest suspicion in the three-coordinate system. We

then transferred the predicted joint to a 126 cm x 126 cm X 126 em space, which is a pose-centered

volume.

10



(% — 63) x 280

T 126
(5 —63) x 280
_ 35
Ui 126 (3.5)
3% 280
= g M0

To predict body keypoints, we reversed equation 3.1; the module predicted 3D human body
pose in a volume of 280 cm x 280 cm x 280 cm. The length of 280 cm enables the module to
predict actions such as upper stretching or lower stretching.

3.4 Loss Function

Our whole architecture L,; consists of five small loss functions related to Attention Mask
M, xy heatmaps, yz heatmaps, xz heatmaps, 3D body keypoints, bone lengths, bone angles, and
rotation vectors. The bone length and bone angle predictions were based upon the predictions of
3D body keypoints produced by the 3D pose extractor. We trained the entire architecture with the

loss function L,;. The main loss function L,;; is described as:

Lot = AumLuy + ApLp + MLy + XNgLg + A Ly, (3.6)

where Ay, Ap, Ar, Ag and A, are weights of loss functions that corresponded to 0.2, 0.1, 0.1,

10 and 0.05 respectively.

Ly = [|M — M| + ||H M,y — HM,,|?
. . (3.7

"‘HHMyZ B HMyZH2 + HHMM - HMIZH2
Ly 1s a sum of mean squared errors of four different heatmap types: Attention Mask M, xy
heatmaps, yz heatmaps, and xz heatmaps.” denotes a prediction. For example, M is a Attention

Mask prediction from the Attention Module (Section 3.1). HM,,), H/M\yz, and PTM\M are outputs

of the three decoders in the Multi-branch Decoder (Section 3.2).

11



LP = Ltorso + Llimb

where

torso

Ltorso = Z (Pt - Pt)g (38)

t

limb

Limy = Y_4(P — B)”

l

We applied the extracted body keypoints P (see Eq. 3.5) in the keypoint loss function Lp.
The loss function Lp was expressed as a sum of difference of torso and difference of limbs. We
weighted limbs (see Eq. 3.8) to make limb prediction more robust. Since depth ambiguity on ego-
centric images can mis-estimate the precise position of legs, keypoints of limbs tended to produce

higher rates of error than keypoints of torso.

L

Li=Y |- (3.9)

14

We used absolute difference to calculate the loss of bone length. L is a set of bone lengths and

¢ where ¢ € L.

B N
L(;:Z‘%arccos( l:g>| (3.10)
b 6] 0]

A bone b includes a set of bones B, and b is described as a bone vector. We applied cosine

similarity to estimate the distance between two vectors. We calculated an absolute angle ¢ between

two bone vectors.

R
1 .
LIﬁEW_W (3.11)

A r denotes a rotation vector of a body-joint. /V,. is a number of rotation vectors. L, is expressed
as an mean squared difference between the ground truth 7 and the prediction of the Rotation De-

coder r.

12



Although Lp and Ly, produced the largest impacts in optimizing our model’s performance,
we proposed to use Ly, Ly, and L, for more accurate estimations. We also used additional loss
functions Ly, Ly, and L, to calculate the confidence intervals for our predictions. The low values
of Ly, Ly, and L, indicate that our predictions were close to the ground truth. For increased
accuracy, we relied on these calculations rather than only on Lp and Ly ,.

3.5 Training Details

We trained our model on xR-EgoPose’s training set [32], and used five epochs to calculate the
state-of-the-art result with 1e~* learning rate and 6 batches. The deconvolutional layers, fully-
connected layers, and Multi-branch Decoder were initialized by Xavier [8]. The convolutional
layer, pooling layers, and deconvolutional layers of the Attention Module had kernel size = 3 and
stride = 2. All deconvolutional layers of the Multi-branch Decoder used kernel size = 4 and stride
= 2. All the fully-connected layers except for the last layer had a leaky ReLLU with 0.2 leakiness
for an activation function. The last layers were calculated right before the latent space Is and

deconvolutional layers of the Multi-branch Decoder.

13



RESULTS

We evaluated our model based on the performance of xR-EgoPose [32]. The xR-EgoPose test
set excluded 12 synthetic subjects, including five females and seven males. Subjects in the test
set were not included in training, and test subjects featured distinguishable characteristics from
subjects in the training set.

The name "EgoRoom" refers to the fact that our model operates in a predictable space in an
egocentric view to predict a 3D human pose.

To evaluate methods, we used Mean Per Joint Position Error (MPJPE). The MPJPE is expressed

as: - N, N
MPJPE = — — P — P (4.1)
RIS

where P and P denote keypoints of ground truth and prediction at f-th frame and j-th joint.

4.1 Evaluation on xR-EgoPose Dataset

We evaluated our proposed method by comparing to prior state-of-the-art result on the test set
of xR-EgoPose [32]. Our qualitative results (Figure 4.1 and 4.2) show that our model’s prediction
is close to ground truth, and consistently outperforms other methods.

In our quantitative comparisons, EgoRoom outperformed the state-of-the-art result (Table 4.1
and 4.2). Table 4.1 showed that EgoRoom outperformed the state-of-the-art by more than 2%
across all frames in the test set. However, when considering EgoRoom’s performance across all
actions, EgoRoom provides substantially better performance across a multitude of actions, and
performance is far more consistent than in other methods (showcased by the low standard devia-
tion). Even in cases where EgoRoom performs slightly worse than other methods (upper stretching,
walking), performance is near equivalent. In particular, EgoRoom showed vastly improved results
for actions like gaming, gesticulating, and greeting.

In Table 4.2, we examined how well EgoRoom performed in the context of predicting individ-

ual joints. Again, we find that EgoRoom produces substantially better results, which are also far

14



Table 4.1: Comparison with a state-of-the-art approach, Tome et al. [31], on the xR-EgoPose dataset.
Our approach, EgoRoom, outperformed the previous state-of-the-art results on most actions except Upper
Stretching and Walking, and, across actions, is far more consistent than other methods.

Action Martinez [16] Tome [31] - U-Net EgoRoom
Gaming 109.6 52.5 35.0
Gesticulating 105.4 49.2 323
Greeting 119.3 72.0 36.8
Lower Stretching 125.8 37.3 37.3
Patting 93.0 53.0 47.9
Reacting 119.7 44.4 34.2
Talking 111.1 46.1 324
Upper Stretching 124.5 39.3 42.7
Walking 130.5 37.2 38.8
All Test Frames (mm) 122.1 41.0 40.0
Action Average (mm) 115.43 46.78 37.49
Action SD (mm) 11.76 12.49 5.09

Table 4.2: Joint error comparison with a state-of-the-art approach. Each value denotes an error distance in
mm for each joint. Our approach, EgoRoom, outperformed on most joints except Left Leg, Right Leg, and
Neck. EgoRoom showed drastic performance on Elbows and Hands.

Toint Tome [31] EgoRoom Toint Tome [31] EgoRoom
ResNet50 (mm)  (mm) ResNet50 (mm)  (mm)
Left Leg 34.33 38.23 | Right Leg 33.85 38.26
Left Knee 62.57 45.58 |Right Knee 61.36 45.95
Left Foot 70.08 54.38 | Right Foot 68.17 56.64
Left Toe 76.43 65.84 | Right Toe 71.94 66.48
Neck 6.57 16.27 | Head 23.20 11.81
Left Arm 31.36 2291 |Right Arm 31.45 21.56
Left Elbow 60.89 30.77 |Right Elbow 50.13 30.79
Left Hand 90.43 46.49 |Right Hand 78.28 47.75
Joint Average 53.19 39.98 ‘ Joint SD 23.65 16.71

15
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Figure 4.1: Qualitative results on xR-EgoPose [32] dataset. The left image is an input image and the right
is the predicted (red) and ground truth (blue) pose. Our models predicted the the whole body precisely in all
examples despite some of the body parts being self-occluded by torsos or hands.

more consistent than prior methods. Our approach more accurately predicted most joints while
showcasing dramatic improvements on Elbows and Hands, a key target of our model since these
body parts are often occluded. Notably, we find that prior methods outperform our model on Neck,
but we believe Neck can be appropriately estimated using the head-mounted display (HMD) to
which the camera camera will be affixed, making it a far less important joint to estimate.
4.2 Ablation Study

We conclude our results with an ablation study to investigate the influence of EgoRoom’s mod-
ules/components (Table 4.3). Table 4.3 shows how final performance changes when components
are added — specifically, we find that each component is essential for achieving substantial per-
formance gains. For variant 1 to 5, we modified the last component of the linear layer to predict all
body keypoints. For variants 1 and 2, the Attention Module and Multi-branch Decoder modules
were replaced by a linear layer, and Lg was excluded to prevent untrainable losses. For the variant

3,4, and 5, we added a linear layer to replace the decoders. For example, variant 3 needs a linear

16
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Figure 4.2: Comparison between ground truth and predictions of each step. An input image introduced into
the Attention Module produces a mask for focusing an egocentric body. Then, the Multi-branch Decoder
predicts three types of heatmaps that are shown in different viewpoints. xy, yz, and zz are predictions of 3D
human pose in three viewpoints which are xy, yz, and xz planes. The 3D pose extractor refines the outputs
of the Multi-branch Decoder into 3D body keypoints. The skeletons on the far right depict an expressed
graph based on the predicted body keypoints. The red skeleton denotes our prediction and the blue skeleton
represents ground truth.

layer to predict z coordinate of body points since it can get information of x and y from the zy
decoder. variant 3 and 4 showcased that using two types of heatmaps from decoders improved re-
sults, and spatial information from two different viewpoints helps identify the joints in 3D. Finally,
all heatmaps with rotation vectors of body-joints, our final model, produced the best performance.
4.3 Speed by Variant

We proposed variants (Section 4.2) to measure testing speed. We evaluated frames per sec-
ond (FPS) on a RTX 3090 with a 10 core AMD Ryzen Threadripper 3960X. Our results show
that all variants can predict egocentric body pose in real-time 4.4. Variant 10—which represents
EgoRoom—can predict egocentric 3D human pose in real-time, enabling a multitude of real-world

use applications such as embodied VR, multimodal VR interactions, and human-AlI collaboration.

17



Table 4.3: Ablation study for our whole architecture. We compared variants based on Mean Per Joint
Position Error (MPJPE) by ablating components of EgoRoom. Attention Module and Multi-branch Decoder
were advanced to improve the performance through the variant 1 to 9. The variant 10 showed the rotation
vectors significantly made better result.

. Attention Xy yz Xz Rotation
Experiments Module Decoder Decoder Decoder Decoder MPJPE (mm)
Variant 1 271.1
Variant 2 v 71.2
Variant 3 v v 56.8
Variant 4 v v 56.4
Variant 5 v v 47.8
Variant 6 v v v 50.6
Variant 7 v v v 50.3
Variant 8 v v v 52.0
Variant 9 v v v v 50.6
Variant 10 v v v v v 40.0

Table 4.4: FPS of Variants on Testing. Variant numbers in this table correspond to those listed in 4.3. As
our results show, EgoRoom can predict real-time body poses with precise estimation. The results collected
for variants 3 to 10 indicate that these models function in real-time on 30 FPS video capture.

Variant 1 2 3 4 5 6 7 8 9 10
FPS 330 62 56 56 55 52 51 52 48 49
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CONCLUSION

In this paper, we introduced a three-step approach for egocentric 3D human pose estimation
that runs in real-time and achieves state-of-the-art results. Our architecture, EgoRoom, can pre-
dict centered human poses in 3D even if input images are distorted or include instances of self-
occlusion. Specifically, our three-step architecture is composed of three modules: the Attention
Module, which refines an egocentric image to feature embeddings; the Multi-branch Decoder Mod-
ule, which transfers these embeddings to three different types of heatmaps; and the 3D Pose Ex-
tractor Module, which uses the heatmaps to identify 3D keypoints to estimate human poses. The
multi-coordinate heatmaps predict body poses in three different views, enabling the model to es-
timate occluded joints on spatial information of a specific volume. We showcased the importance
of each component with an ablation study, which compared our prediction performance and speed

across multiple variants.
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