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Figure 1: Mobile, egocentric real-time body motion capture system using only eyeglasses-mounted cameras and a few body-worn
inertial sensors. 2x2 image groups at left and center: fast body motion reconstructions of indoor and outdoor user (top), shown
in VR (bottom). Right: current mobile user (color), and future vision (monochrome) depicting casual everyday use of streamlined
system with miniaturized cameras embedded in the frames of wide-field-of-view AR eyeglasses, and IMUs on wrists and in shoes.

ABSTRACT

We envision a convenient telepresence system available to users
anywhere, anytime. Such a system requires displays and sensors em-
bedded in commonly worn items such as eyeglasses, wristwatches,
and shoes. To that end, we present a standalone real-time system
for the dynamic 3D capture of a person, relying only on cameras
embedded into a head-worn device, and on Inertial Measurement
Units (IMUs) worn on the wrists and ankles. Our prototype system
egocentrically reconstructs the wearer’s motion via learning-based
pose estimation, which fuses inputs from visual and inertial sen-
sors that complement each other, overcoming challenges such as
inconsistent limb visibility in head-worn views, as well as pose
ambiguity from sparse IMUs. The estimated pose is continuously
re-targeted to a prescanned surface model, resulting in a high-fidelity
3D reconstruction. We demonstrate our system by reconstructing
various human body movements and show that our visual-inertial
learning-based method, which runs in real time, outperforms both
visual-only and inertial-only approaches. We captured an ego-
centric visual-inertial 3D human pose dataset publicly available
at https://sites.google.com/site/youngwooncha/egovip
for training and evaluating similar methods.
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1 INTRODUCTION

Telepresence enables remote social interaction without physical
presence. 3D display greatly enhances the sense of presence, but
requires the ability to fully capture and reconstruct human subjects
as well as their environment.

We expect 3D capture of user experiences to become a feature of
common head-worn devices in the near future. Today’s ubiquitous
mobile phones and augmented reality (AR) systems such as the
Microsoft HoloLens [23] may eventually evolve into the form factor
of conventional eyeglasses, with transparent see-through and wide-
field-of-view (FoV) capabilities, to be worn all day like ordinary
eyeglasses. With widely available wearable technology embedded
in commonly worn accessories (cameras in eyeglasses, IMUs in
wristwatches and shoes), a mobile 3D acquisition and display system
such as the one in Fig. 1 (right) will enable 3D telepresence.

One of the challenges of targeting an eyeglass-frame form factor
is that the user’s limb motions are frequently unobservable by the
cameras due to occlusion, or to being outside of the camera views,
as illustrated in Fig. 2 and Fig. 3. This problem makes many prior
pose estimation methods inapplicable to situations like ours. For
example, per-frame visual 3D pose estimation methods can produce
unreliable estimates for occluded joints [9] due to incomplete visi-



bility. Similarly, while human performance capture approaches that
use external cameras have achieved high accuracy and real-time per-
formance [12, 13, 16, 43], they require all joints to be visible. Joint
heatmap estimation methods [6, 24, 47] are also unable to handle
the joints that are outside the image because they cannot be labeled
within the 2D heatmap. Extending the heatmap size by padding the
boundary is likely to generate high 3D joint errors due to the high
distortion of wide-FoV or fisheye lenses. Finally, prior egocentric
capture headgear [7, 28, 33, 45] featured cameras mounted farther
away from the face; while they offer better body and limb visibility,
they are obtrusive and thus unacceptable for daily use.

Another challenge is reducing the number of IMU sensors for
widespread acceptability. Prior visual-inertial fusion approaches for
3D pose estimation [18, 39, 40] require more than 10 body-worn
sensors, a number unlikely to be accepted for general use, even with
miniaturization. Reducing that number results in pose ambiguities
and lower accuracy for non-instrumented body parts [14, 32, 41].
For example, a knee raise cannot be reliably distinguished from a
standing pose, as the IMU data is insufficient for inferring thigh
orientation if no sensor is worn on it.

In this paper, we present a wearable 3D acquisition system for
real-time 3D mobile telepresence relying only on eyeglass-frame-
mounted cameras and IMUs on wrists and ankles. This approach
allows for convenient, unobtrusive reconstruction and communica-
tion of experiences at any indoor or outdoor location. To support the
vision of such a fully mobile capture system, we capture the wearer’s
3D body pose using learning-based visual-inertial sensor fusion. Un-
like methods that rely on instrumented environments [12, 46], this
enables completely self-contained egocentric content capture and
overcomes inconsistent limb visibility, as well as IMU pose ambigu-
ity caused by sparse IMUs.

Our approach consists of three components which allow visual
and inertial measurements to complement each other when tracking
joints. First, a visibility-aware visual 3D pose network estimates
visible 3D joints while suppressing unreliably detected occluded
joints. Second, an online IMU offset calibration method improves
the inertial measurements by aligning the visual and inertial bone
orientations, over time, for forearms and lower legs with attached
IMUs. Third, a visual-inertial 3D pose network estimates the poses
of upper arms and thighs without IMUs by using a sequence of
inertial measurements of the corresponding lower bones, as well
as visual detection of the upper bones in previous frames. At each
instant, the estimated body pose is re-targeted to a human surface
model, resulting in a high-fidelity reconstruction of the user. The
full body pose, including 3D joint locations as well as 3D bone
orientations, is estimated continuously and kept temporally coherent,
even when some joints are out of image or occluded.

We demonstrate our system on reconstructions of various human
body movements in a remotely assisted physical therapy scenario
and show the mobile capability in an outdoor scenario. For training
and evaluation, we collected a new large-scale egocentric visual-
inertial 3D human pose dataset. We know of no existing dataset
that includes occlusion, out-of-image labels in egocentric views, and
densely worn inertial sensors. We plan to make our dataset publicly
available. In experiments, our visual-inertial learning-based method
runs in real-time, at 30 Hz, on a standard PC, and outperforms
both visual-only and inertial-only approaches, showing significant
improvements in out-of-image and self-occlusion situations.

Our main contributions are:
• The first egocentric 3D human pose estimation approach that

can handle both sparse visibility and sparse inertial sensors.
• A working, standalone, proof-of-concept prototype in an eye-

glasses form factor for mobile capture and real-time body
motion estimation.

• The first egocentric human motion dataset that includes multi-
ple views with joint visibility information as well as inertial
measurements.

2 RELATED WORK

2.1 Body Reconstruction
Deformable body model-based surface estimation has been a focus in
computer vision [17]. Estimation of model parameters approximates
the human surface in conjunction with visual pose estimation [4],
by estimating dense correspondences between the body model and
imagery [2], or by direct volumetric inference [36]. Recent work
shows advances in real-time performance by using temporal poses
[16], as well as face and hand poses [43]. High-fidelity geometry
can also be estimated by fitting image silhouettes [12], or by cloth
simulation [46]. These approaches require external camera views
to be able to fit full body shapes and poses, and assume full body
visibility in the images. In egocentric views, however, body parts
are often invisible.

2.2 Visual Pose Estimation
Recent advances in learning-based approaches for deep neural net-
works have shown significant improvements in accuracy when used
for pose estimation. 2D joint heatmap-based estimation has been
successful using Convolutional Neural Network (CNN) architec-
tures [6, 24, 47]. CNN-based 3D joint estimations also have shown
significant accuracy in real time for a single outside-in looking view
[21, 22]. Human pose constraints [10, 31] and occlusion infor-
mation [9] have been incorporated during training. In the case of
continuous human motions over time, Recurrent Neural Network
(RNN)-based pose estimations have shown promising results for
a sequence of motion predictions [5, 19, 38]. These approaches
estimate joint locations, but 3D bone orientation estimation is still
an open problem when using only visual information to estimate a
full body pose.

2.3 Visual Egocentric Pose Estimation
High-quality reconstruction from egocentric data captured by body-
worn cameras remains a challenge, requiring reconstruction methods
that operate in arbitrary, uninstrumented environments. Outside-
looking-in camera-based human pose estimation methods are not
directly applicable to egocentric views of the body.

Body motion can be inferred from egocentric body-worn cameras
using structure-from-motion [29] or learning-based approaches [8,
15]. However, without direct observation of the body, pose estima-
tion accuracy is limited. Significant improvements have been made
using head-worn, downward-looking wide-FoV cameras, which
enable views of most of the wearer’s body [7, 28, 33, 45]. Learning-
based approaches have been proposed to deal with the unusual
viewpoints. Recent methods based on a single head-worn camera
view [33,45] have used less-obtrusively mounted cameras to arrive at
pose estimation improvements. However, the form factors employed
are still too obtrusive for wide acceptability.

Approaches using downward near-body views have yet to fully ad-
dress the challenges of self-occlusion and out-of-view joints, which
need to be resolved in order to estimate a full body pose of the
wearer solely from body-worn cameras.

2.4 Inertial Pose Estimation
Human pose estimation can also be performed using body-worn iner-
tial measurement units (IMUs). IMUs can capture fast motions [18]
and track body parts that might be occluded in camera views, but
they suffer from measurement noise and drift over time, and require
careful calibration for the initial pose.

Even with miniaturization of sensors, using a relatively large
number of worn sensors is unlikely to be widely accepted. To in-
crease acceptability, recent approaches have attempted to reduce
the number of IMUs to a sparse set by employing temporal orien-
tations and accelerations [14, 32, 41]. The IMUs are worn only on
forearm and lower leg; the missing upper arm and thigh orientations
are estimated by assuming that the temporal motions of lower and



upper bones are highly correlated. Inference results are promising,
but suffer from pose ambiguity, as multiple poses can be possible
with similar measurements. This issue is addressed only partially
by using more temporal measurements such as future frames or
an entire sequence. To overcome this problem, visual and inertial
sensor fusion [18, 34, 39, 40] leverages outside-looking-in cameras
jointly with IMUs to calculate a 3D body pose. Visual pose estimates
from the outside-looking-in cameras help constrain the possible 3D
poses of the inertial sensors, and alleviate the IMU measurement
noise [39]. However, so far these approaches require complete body
visibility, which is seldom achievable from egocentric views.

3 WEARABLE CAPTURE AND EGOCENTRIC DATASET

3.1 Eyeglasses and IMUs Prototype
Our goal is to develop a fully mobile telepresence system whose
sensors are embedded in commonly worn items such as eyeglasses,
wristbands, and shoes. Toward that end, our current prototype uses
cameras in eyeglasses frames and only 4 IMUs (Xsens MTw Awinda
on wrists and ankles). Adding more IMUs (e.g., on the torso, el-
bows and knees) improves the results, but the added inconvenience
would considerably reduce acceptability. As shown in Sect. 5, the
combination of multiple cameras, 4 IMUs and deep learning-based
techniques is sufficient to fill in the “missing” sensor data from
elbows and knees.

We envision a headset design (shown in Fig. 2d) with 4 miniature
cameras: 2 downward-looking cameras placed at the bottom outside
corners of the frame to observe the user’s body, and 2 forward-
looking cameras placed at the top outside corners of the frame to
observe the environment. Compared to previous egocentric head-
sets [7, 28, 33, 45], our design is more user-friendly, but makes the
2 downward-looking viewpoints significantly more challenging as
body parts are frequently out of view or occluded.

Working towards this design, we have built a preliminary pro-
totype with available larger cameras (Toshiba Teli BU505MCF),
mounted on a 3D-printed eyeglasses frame as shown in Fig. 2a.
We currently use only 3 cameras (two 160°FoV downward-looking
cameras; one 121°FoV forward-looking camera).

Figure 2: (a) Current headset capture prototype. (b) T-pose in
downward camera, viewpoint is worse than in prior egocentric se-
tups [33,45]. (c) T-pose from external viewpoint. (d) Future eyeglass-
form factor design.

3.2 Egocentric Visual+Inertial Human Pose Dataset
Following recent work in egocentric video and IMU-based pose
estimation, we decided on a learning-based approach to use with
our prototype. However, none of the available egocentric datasets
were suitable for training, because their viewpoints are farther away
from the user’s face, they contain no visibility information, and
they are monocular. We could not use existing IMU datasets either,
as they were lacking accompanying egocentric video data. Conse-
quently, we collected a new human pose dataset with users wearing
our prototype headset and 8 IMUs. The ground truth full-body 3D
joints are acquired using multiple wall-mounted cameras in a cap-
ture studio [7]. We recorded various types of motions for multiple
users, including normal-speed as well as high-speed actions such
as walking, sitting, gesturing, running, and physical therapy. A few
examples are shown in Fig. 3.

We collected 22 sequences for training and 9 sequences for
evaluation with 6 human subjects, for a total of 38k frames of vi-
sual+inertial data. The summary of the dataset is shown in Table 1.

Figure 3: Incomplete body visibility in eyeglass form factor views. Top
row: Selected head-worn views from our Egocentric Visual Inertial
Pose Dataset (Ego-VIP) with labeled visibility information. Bottom
row: Corresponding external views in reference data.

For the visual training data, 11k real images were uniformly sam-
pled and manually filtered from the full recording. 38k synthetic
images were generated using the body pose from the real data with
the following random augmentations [33, 45]: clothing and back-
ground texture, head rotation, and headgear translation. Each joint
visibility was estimated using the z-buffer of the projected body
model onto the egocentric image and labeled as visible, occluded, or
outside the FoV. Torso joints (neck, shoulders, and hips) were labeled
as visible regardless of occlusion because they play an essential role
as root joints for bone pose estimation.

The inertial data from the 8 sensors was synchronized with the
visual data and calibrated using the method in Sec. 4.4. 38k frames
of real IMU data were augmented by mirroring the pose front-to-
back and side-to-side, temporally smoothing pose orientations, and
introducing random acceleration noise.

Table 1: Egocentric Visual-Inertial Pose Dataset (Ego-VIP), in number
of frames.

Real Size Synthetic Size Training Size Test Size
Visual 11,822 38,588 50,410 13,213
Inertial 38,971 350,739 389,710 13,213

To the best of our knowledge, this is the first dataset that includes
stereo egocentric views with joint visibility and calibrated inertial
data. The joint visibility information is crucial for training occlusion-
aware joint detectors.

4 EGOCENTRIC RECONSTRUCTION METHOD

Working toward our goal of fully mobile telepresence, we devised a
real-time full body shape and pose reconstruction method using only
egocentric devices we deem convenient and acceptable for daily
wear: eyeglasses-mounted cameras and a few body-worn IMUs.
The available information from the visual-inertial sensors is too
sparse for each sensing modality to estimate the full body pose by
itself. First, limb motions are frequently occluded by the body or
are invisible due to being outside the camera views. Second, IMUs
are worn only on forearms and lower legs, so upper arm and thigh
orientations are missing. To solve this ill-constrained problem, we
employed a visibility-aware visual pose network and a temporally-
integrated visual and inertial pose network. The 3D reconstruction
pipeline is illustrated in Fig. 4. It consists of three main stages.

In the first stage, a visibility-aware 3D joint detector network
(Sect. 4.2) estimates the 3D positions of joints observable in the two
egocentric downward views. The detected 3D joints are transformed
to world space (Sect. 4.3) using the headset pose estimated via
V SLAM [30].

In the second stage, the 3D orientations of lower bones (forearms,
lower legs) and upper bones (upper arms, thighs) are estimated using
a visual-inertial IMU offset calibrator (Sect. 4.4) and a temporal
visual-inertial orientation network (Sect. 4.5), respectively.



Fi g ur e 4: 3 D r e c o n str u cti o n pi p eli n e.

I n t h e t hir d st a g e ( S e ct. 4. 6), t h e s h a p e a n d p os e of t h e p ar a m etri c
b o d y  m o d el ar e esti m at e d usi n g t h e esti m at e d f ull- b o d y 3 D j oi nt
l o c ati o ns a n d ori e nt ati o ns fr o m t h e s e c o n d st a g e.

4. 1 3 D  B o d y  R e pr e s e nt ati o n

We us e t h e S M P L p ar a m etri c b o d y  m o d el [ 1 7] t o r e pr es e nt t h e b o d y
s h a p e a n d p os e. It c o nsists of 1 0 s h a p e p ar a m et ers β a n d 2 4 · 3 = 7 2
p os e p ar a m et ers θ ,  w hi c h d ef or m a tri a n g ul ar  m es h M (θ ,β ) wit h
6 4 8 0 v erti c es usi n g li n e ar bl e n d s ki n ni n g.

I nst e a d of r e pr es e nti n g θ as a s et of l o c al b o n e r ot ati o ns,  w e
us e t h e e q ui v al e nt b o n e r e pr es e nt ati o n d e fi n e d as a s et of gl o b al
tr a nsf or ms T M ∈ R 4 × 4 .  We us e M t o d e n ot e t h e b o d y M es h s p a c e
a n d S t o d e n ot e t h e S k el et o n s p a c e. I n t his r e pr es e nt ati o n, a b o n e i is
d e fi n e d b y t w o c o n n e ct e d j oi nts a n d a tr a nsf or m ( Fi g. 5).

Fi g ur e 5:  B o n e r e pr e s e nt ati o n.  A b o n e (f or e ar m) c o n si st s of a b a s e
j oi nt ( el b o w) J p , a ti p j oi nt ( wri st) J , a n d a n ori e nt ati o n R S = [ s x , s y , s z ].
T h e y f or m a b o n e tr a n sf or m ati o n T S i n t h e s k el et o n.  T h e p o s e p ar a m-
et er T M i n t h e 3 D  m e s h c a n b e c o n v ert e d i nt o s k el et o n s p a c e u si n g
t h e bi n d p o s e  m atri x T S

0 fr o m t h e r e st p o s e.

We d e fi n e t h e s k el et al b o n e tr a nsf or m ati o n T S
i ∈ R 4 × 4 i n gl o b al

s p a c e as a c o n v e ni e nt  w a y t o r e pr es e nt t h e p os e i n t h e s k el et o n as:

T S
i =

R S
i J p (i)

0 1
( 1)

R S = [ s x , s y , s z ] ∈ R 3 × 3 i s t h e b o n e r ot ati o n a n d J p i s t h e b as e j oi nt

p ositi o n.  T h e c ol u m n v e ct ors of R S f or m t h e 3 D a x es of t h e b o n e

a n d t h e a xis s y = R [:,2 ] r e pr es e nts t h e b o n e dir e cti o n d i fr o m t h e
b as e ( p ar e nt) t o ti p ( c hil d) j oi nt: d i = ( J i − J p (i) ) / (||J i − J p (i) ||) .  We
d e n ot e t h e b o n e dir e cti o n c o m p ut e d fr o m a r ot ati o n as:

d i = d (R i) = R
[:,2 ]
i ( 2)

T h e p os e p ar a m et er T M
i c a n b e dir e ctl y c o m p ut e d fr o m T S

i a s:

T M
i = T S

i ( T S
i,0 ) − 1 ( 3)

T h e bi n d p os e  m atri x T S
i,0 m a ps t h e c o or di n at e fr a m es F M → F S ,

is c al c ul at e d usi n g t h e j oi nt p ositi o ns i n t h e r est p os e of t h e b o d y
m o d el, a n d u p d at e d o nl y  w h e n t h e s h a p e p ar a m et ers β ar e c h a n g e d.
I n t h e r est p os e, T M

i i s t h e i d e ntit y  m atri x.
T h e j oi nt p ositi o ns i n r est p os e J 0 ar e d es cri b e d b y t h e j oi nt

r e gr ess or J fr o m t h e s h a p e d v erti c es.  We esti m at e t h e b o d y s h a p e β
usi n g t h e u n p os e d j oi nts J 0 = ( T M ) − 1 ( J ) b y  mi ni mi zi n g E s h a p e :

E s h a p e =
K

∑
i= 1

||(T M
i ) − 1 ( J i) − J i( M 0 + B s ( β ))||22 + w s ||β ||22 ( 4)

w s = 0 .0 0 1 is a  w ei g ht f or t h e r e g ul ari z ati o n t er m, a n d K = 1 3 is
t h e n u m b er of j oi nts.  T h e v erti c es ar e r es h a p e d b y t h e  m e a n s h a p e
M 0 a n d t h e li n e ar bl e n d s h a p es B s ( β ).

4. 2  Vi si bilit y- A w ar e 3 D J oi nt  D et e cti o n  N et w or k

I n vis u al h u m a n p os e esti m ati o n, o c cl u d e d j oi nts oft e n l e a d t o err o-
n e o us r es ults [ 9].  W h e n usi n g e g o c e ntri c i m a g es, l e gs ar e fr e q u e ntl y
o c cl u d e d b y t h e b o d y, a n d ar ms c a n b e o ut of c a m er a F o V [ 7, 4 5].
O ur visi bilit y- a w ar e 3 D j oi nt d et e cti o n n et w or k t a k es a m × m e g o-
c e ntri c i m a g e as i n p ut ( m = 3 2 0 ) a n d esti m at es o nl y t h e o bs er v a bl e
j oi nts  w hil e r ej e cti n g u nr eli a bl e j oi nts b y i n c or p or ati n g j oi nt vis-
i bilit y i nf or m ati o n.  T h e e g o c e ntri c d at as et d es cri b e d i n S e ct. 3. 2
is l a b el e d  wit h visi bilit y i nf or m ati o n, e n a bli n g visi bilit y a w ar e n ess
tr ai ni n g.  T h e g r o u n d tr ut h (gt ) bi n ar y v isi bilit y v gt i s s et t o 1 f or
visi bl e j oi nts a n d 0 f or i n visi bl e ( o c cl u d e d or o utsi d e of F o V) j oi nts.

We e xt e n d t h e St a c k e d  H o ur gl ass ar c hit e ct ur e [ 2 4] us e d i n 2 D
h u m a n p os e esti m ati o n t o a 3 D j oi nt esti m ati o n n et w or k ( Fi g. 6).
I n a h e a d- w or n  wi d e- F o V c a m er a i m a g e, l o w er b o d y j oi nts a p p e ar
si g ni fi c a ntl y s m all er t h a n u p p er b o d y j oi nts. I nst e a d of usi n g  m ulti-
s c al e i m a g es [ 4 5],  w e t a k e a d v a nt a g e of t h e f a ct t h at t h e  H o ur gl ass
m o d ul e i n h er e ntl y c oll e cts i nf or m ati o n a cr oss all i m a g e s c al es.  We
als o us e a D S N T r e gr essi o n  m o d ul e [ 2 5] t o esti m at e 2 D c o or di n at es
fr o m h e at m a ps.  T his i n cr e as es c o m p ut ati o n al ef fi ci e n c y, as h e at m a ps
n o l o n g er n e e d t o b e tr a nsf err e d t o t h e  C P U f or p arsi n g at r u nti m e.

Fi g ur e 6:  N et w or k  Str u ct ur e f or t h e 3 D J oi nt  D et e ct or.  T h e  H o ur gl a s s
m o d ul e o ut p ut s j oi nt h e at m a p s H a n d d e pt h m a p s D a s c o n c at e n at e d
c h a n n el s. H a n d D ar e pr o p a g at e d i nt o t h e n e xt st a g e.  T h e r e gr e s si o n
m o d ul e o ut p ut s 2 D c o or di n at e s p fr o m c o n fi d e n c e  m a p s V n or m ali z e d
b y H .  Gi v e n a si n gl e i n p ut i m a g e, t h e 4 st a g e- n et w or k o ut p ut s p , D ,
V , fr o m  w hi c h 3 D j oi nt c o or di n at e s ar e c o m p ut e d.

T h e  H o ur gl ass  m o d ul e i nf ers h e at m a ps H ∈ R (m / 4 )× (m / 4 )× K i n

t h e first K c h a n n els a n d i n v ers e d e pt h m a ps D ∈ R (m / 4 )× (m / 4 )× K

i n t h e l ast K c h a n n els. H ar e n or m ali z e d i nt o c o n fi d e n c e  m a ps
V b y a S oft m a x l a y er. V ar e tr a nsf or m e d i nt o 2 D c o or di n at es p
b y t h e d ot pr o d u ct of t h e X - a n d Y - c o or di n at e  m atri c es [ 2 5].  T h e
i n v ers e d e pt h m a p D is a h e at m a p c o nt ai ni n g n or m ali z e d i n v ers e
d e pt h v al u es f or j oi nts.  T h e n or m ali z e d i n v ers e d e pt h v al u e is d e fi n e d
as (d m a x − d )/ d m a x ,  w h er e d is a d e pt h i n  m et ers a n d d m a x = 2 is t h e
m a xi m u m d e pt h.  Dist a n c es cl os e t o t h e c a m er a ar e assi g n e d hi g h er
v al u es, a n d f art h er dist a n c es ar e assi g n e d n e ar- z er o v al u es [ 4 2].



C o n fi d e n c e ṽ a n d d e pt h d ar e r e a d o ut at t h e esti m at e d p = ( x ,y )
c o or di n at e i n V a n d D , r es p e cti v el y.  W h e n c o n fi d e n c e ṽ i s l ar g e
e n o u g h ( ṽ > tv ,  wit h tv = 0 .0 5 ), c o or di n at e p is c o nsi d er e d v ali d a n d
visi bilit y v is s et t o 1, ot h er wis e it is s et t o 0.  T h e r a w i n v ers e d e pt h
r e a d- o ut is tr a nsf or m e d b a c k i nt o d e pt h d i n  m et ers.  T h e 3 D j oi nt
p ositi o n is c o m p ut e d b y b a c k- pr oj e cti n g (x ,y,d ) usi n g t h e c a m er a
c ali br ati o n  m atri x.  T h e c o n c at e n at e d H a n d D , as t h e o ut p ut of t h e
st a g e, ar e pr o p a g at e d i nt o t h e n e xt st a g e as i n p ut.  We us e 4 st a c k e d
st a g es, t a ki n g i nt o a c c o u nt b ot h a c c ur a c y a n d s p e e d.

T h e n et w or k is tr ai n e d t o  mi ni mi z e t h e l oss f u n cti o n L j oi nt n et =
L D S N T + L V + L D .  Gi v e n bi n ar y visi bilit y v gt f or e a c h j oi nt, r e-
gr essi o n l oss L D S N T a n d d e pt h l oss L D ar e a p pli e d f or v gt = 1 , a n d
i n visi bilit y l oss L V i s a p pli e d f or v gt = 0.

T h e r e gr essi o n l oss L D S N T i s a p pli e d f or t h e c o n fi d e n c e  m a ps
V a n d c o or di n at es p wit h t h e gr o u n d tr ut h p ositi o ns p gt a n d bi n ar y
visi bilit y v gt a s:

L D S N T =
K

∑
i= 1

v
gt
i · [||p

gt
i − p i||

2
2 + D (V i||N (p

gt
i , σ I2 ))] ( 5)

N ( µ ,σ ) is a 2 D  G a ussi a n  m a p dr a w n at µ wit h st a n d ar d d e vi ati o n
σ (σ = 1 f or tr ai ni n g). D (·||·) is t h e J e ns e n- S h a n n o n di v er g e n c e t o
e n c o ur a g e H t o r es e m bl e t h e 2 D  G a ussi a n  m a p [ 2 5].

T h e i n visi bilit y l oss L V s u p pr ess es H t o a z er o h e at m a p f or
i n visi bl e j oi nts:

L V =
K

∑
i= 1

( 1 − v
gt
i ) · ||H i||

2
2 ( 6)

T h e i n visi bilit y l oss f or c es t h e u nif or m distri b uti o n i n V ,  w hi c h
e n c o ur a g es t h e c o n fi d e n c e v al u e t o b e s m all er f or i n visi bl e j oi nts.

T h e d e pt h l oss L D i s a p pli e d f or d e pt h m a ps D wit h gr o u n d tr ut h
d e pt h m a ps D gt a n d j oi nt  m as ks M (p gt ) as:

L D =
K

∑
i= 1

v
gt
i · ||M (p

gt
i , σ I2 ) (D i − D

gt
i ) ||22 ( 7)

M ( µ ,σ ) is a 2 D bi n ar y  m as k m a p dr a w n at µ wit h r a di us σ (s et
t o 1. 8 d uri n g tr ai ni n g), a n d is t h e  H a d a m ar d pr o d u ct.  N ot e t h at
t h e d e pt h  m a p is tr ai n e d o nl y f or t h e i nt er est j oi nt ar e a s o t h at t h e
o utsi d e ar e a is l eft u n c h a n g e d t o pr e v e nt o v er- fitti n g  w hi c h r es ults
i n z er o d e pt h m a p o ut p ut  w h e n n ot usi n g t h e  m as k m a p [ 2 2].

T h e n et w or k is tr ai n e d i n  m ulti pl e st a g es. First, t h e 2 D l a y ers
ar e tr ai n e d o n t h e  M PII  H u m a n P os e d at as et [ 3] t o l e ar n l o w-l e v el
t e xt ur e f e at ur es.  O nl y t h e r e gr essi o n l oss L D S N T i s us e d i n t h e
tr ai ni n g,  w hil e visi bilit y is i g n or e d.  T h e n, t h e n et w or k is tr ai n e d
o n o ur d at as et i n S e ct. 3. 2  wit h t h e f ull l oss f u n cti o n L j oi nt n et .
I nt er m e di at e s u p er visi o n is a p pli e d d uri n g tr ai ni n g.

We t a k e a d v a nt a g e of t h e s y m m etr y b et w e e n t h e t w o d o w n w ar d-
l o o ki n g c a m er a vi e ws t o fli p t h e ri g ht-si d e d i m a g e a n d us e t h e s a m e
n et w or k as t h e l eft i m a g e.  T h e o ut p ut j oi nt c o or di n at es fr o m t h e
ri g ht i m a g e ar e t h e n fli p p e d b a c k.  T his str at e g y all o ws a si n gl e
n et w or k t o b e us e d at tr ai ni n g a n d r u nti m e f or b ot h vi e ws.

4. 3  T e m p or all y,  M ulti- vi e w  C o n si st e nt J oi nt  E sti m ati o n

3 D j oi nts ar e d et e ct e d i n t h e l eft a n d ri g ht d o w n w ar d c a m er a vi e ws
i n d e p e n d e ntl y a n d ar e r e pr oj e ct e d i nt o a si n gl e 3 D s p a c e usi n g t h e
c a m er a c ali br ati o n  m atri c es. J oi nts t h at ar e n ot c o nsist e nt  wit h t h eir
c o u nt er p arts d u e t o err o n e o us d et e cti o n ar e filt er e d o ut s u c h t h at t h e
r es ults ar e b ot h  m ulti- vi e w- c o nsist e nt a n d t e m p or all y c o h er e nt.

First, t h e r a w d et e cti o n of a j oi nt is filt er e d o ut if its b o n e dir e cti o n
d i i s t e m p or all y i n c o nsist e nt,  w hi c h  w e d e fi n e as a c h a n g e of  m or e
t h a n 3 0 ° b et w e e n fr a m es.

N e xt, t h e filt er e d  m e as ur e m e nts ar e us e d t o esti m at e t h e  m ulti-
vi e w- c o nsist e nt a n d t e m p or all y- c o h er e nt j oi nt p ositi o n X ∈ R 3 , b y
mi ni mi zi n g t h e  w ei g ht e d s u m E pr o j + w d E d e p + w lE l e n + w t E t e m p,
w h er e w d , w l, a n d w t ar e n o n- n e g ati v e  w ei g hts. F or t ors o j oi nts
i n cl u di n g n e c k, hi ps, a n d s h o ul d ers, w d = 1 ,w l = 0 ,w t = 1 0 . w d =
2 ,w l = 2 ,w t = 1 f or ar m j oi nts, a n d w d = 1 ,w l = 5 ,w t = 2 f or l e g
j oi nts.

T h e pr oj e cti o n c ost E pr o j i s d e fi n e d as ∑ C
c = 1 ||p c − P c ·X ||2 ,  w h er e

C is t h e n u m b er of vi e ws, p c i s t h e 2 D l o c ati o n  m e as ur e m e nt i n
c a m er a i m a g e c , a n d P c i s c a m er a c ’s pr oj e cti o n  m atri x.

T h e d e pt h c ost E d e p i s d e fi n e d as ∑ C
c = 1 ||d c − T

[3 ,:]
c · X ||2 ,  w h er e

d c i s t h e d e pt h  m e as ur e m e nt i n c a m er a c , a n d T
[3 ,:]
c i s t h e t hir d r o w

of t h e e xtri nsi c  m atri x of c a m er a c .
B o n e l e n gt hs ar e  m ai nt ai n e d o v er ti m e, st arti n g  wit h t h e i niti al-

i z ati o n a n d a v er a gi n g  wit h n e w d et e cti o n  m e as ur e m e nts.  T h e i niti al
b o n e l e n gt hs ar e t a k e n fr o m t h e b o d y  m o d el i n its r est p os e a n d
s c al e d b y t h e r ati o b et w e e n t h e  m o d el a n d d et e ct e d s pi n e l e n gt hs.
T h e b o n e l e n gt h c o nsist e n c y E l e n i s  m e as ur e d as ||X l −|| X p − X ||2 ||2 ,
w h er e X p i s t h e p ar e nt j oi nt’s p ositi o n a n d X l i s t h e b o n e l e n gt h of
j oi nt X .

T h e t e m p or al s m o ot h n ess c ost E t e m p i s d e fi n e d as ||X t− 1 − X ||2 ,
w h er e X t− 1 i s t h e j oi nt p ositi o n i n t h e pr e vi o us fr a m e.

T h e esti m at e d 3 D j oi nt p ositi o ns X i n h e a ds et s p a c e ar e tr a ns-
f or m e d i nt o j oi nt p ositi o ns J i n 3 D  w orl d s p a c e usi n g t h e c urr e nt
esti m at e d h e a ds et p os e a c q uir e d vi a V S L A M [ 3 0] r u n ni n g i n a s e p a-
r at e t hr e a d at 3 5 f ps.

T h e e ntir e pr o c ess, s h o w n i n Fi g. 7, r es ults i n b ett er a c c ur a c y t h a n
w h e n usi n g dir e ct tri a n g ul ati o n, e v e n  w h e n j oi nts ar e n ot d et e ct e d i n
b ot h vi e ws.

Fi g ur e 7:  C o n si st e nt 3 D j oi nt s. ( a)  R ef er e n c e 3 D j oi nt s. ( b) J oi nt
d et e cti o n s fr o m l eft c a m er a (t o p), a n d ri g ht c a m er a ( b ott o m). ( c) 3 D
j oi nt s fr o m l eft c a m er a ( bl u e), a n d ri g ht c a m er a ( gr e e n). ( d) J oi nt s
r e c o n str u ct e d b y o ur  m et h o d. ( e) J oi nt s r e c o n str u ct e d u si n g dir e ct
tri a n g ul ati o n, f or c o m p ari s o n.

4. 4  Vi s u al-I n erti al  Ali g n m e nt

H u m a n p os e c a n b e esti m at e d  wit h b o d y- w or n i n erti al s e ns ors b y
usi n g t h e s e ns or  m e as ur e m e nts t o tr a c k t h e ori e nt ati o ns of t h e c or-
r es p o n di n g b o n es. I M Us ar e t y pi c all y c ali br at e d usi n g a s p e ci fi c
i niti al p os e [ 1 4, 3 9– 4 1]. Pri or  m et h o ds ass u m e t h at t h e s e ns ors ar e
pl a c e d a c c ur at el y at d esi g n at e d p os es ( p ositi o ns a n d ori e nt ati o ns),
a n d t h at t h e us er ass u m es t h e c orr e ct b o d y p os e i n t h e b e gi n ni n g.
E v e n sli g htl y  mis ali g n e d b o d y- w or n I M Us c a n i nt erf er e  wit h vis u al-
i n erti al c o nsist e nt p os e esti m ati o n, yi el di n g i n a c c ur at e r es ults.

Fi g ur e 8:  C o or di n at e fr a m e tr a n sf or m ati o n s. ( a)  R ot ati o n of i n erti al
s e n s or t o s k el et o n s p a c e R SI , i n di c ati n g t h e pr e d e fi n e d  w e ar p o s e. ( b)
I M U r ot ati o n off s et R W , u s e d t o c o m p e n s at e f or  mi s ali g n e d I M U s.

We c orr e ct t h es e i n a c c ur a ci es b y esti m ati n g a n I M U r ot ati o n
offs et R W ∈ R 3 × 3 u si n g c oll e ct e d s a m pl es of vis u al a n d i n erti al p airs
l o w er b o n e dir e cti o ns o v er ti m e. It r e pr es e nts h o w  m u c h a s e ns or is
offs et fr o m t h e ass u m e d i niti al ori e nt ati o n of t h e b o n e ( Fi g. 8 b).

T h e b o n e r ot ati o n R S
t at ti m e st e p t fr o m  E q u ati o n 1 c a n b e

c o m p ut e d f or t h e l o w er b o n es fr o m t h e I M Us  m o u nt e d o n t h e m as:



R S
t = R W · R I

t · (R SI ) − 1 · R S
0 ( 8)

R I
t i s t h e ori e nt ati o n r e a d fr o m t h e In erti al s e ns or at ti m e t, R S

0 i s

t h e r ot ati o n fr o m T S
0 i n  E q u ati o n 3, a n d (R SI ) − 1 m a ps t h e c o or di n at e

fr a m e F S → F I ( Fi g. 8 a).
We d e fi n e t h e In erti al l o w er b o n e dir e cti o n d I

t a s:

d I
t = R I

t · (R SI ) − 1 · d (R S
0 ) ( 9)

d (R S
0 ) i n di c at es t h e b o n e dir e cti o n i n t h e r est p os e fr o m  E q u ati o n 2.

T h e I M U r ot ati o n offs et R W i s u p d at e d  w h e n e v er  m e as ur e m e nts
fr o m t h e vis u al d et e ct or of t h e s a m e b o n e ar e a v ail a bl e, s o t h at all
pri or b o n e dir e cti o ns d (R S

1 ) , ...,d (R S
t ) a gr e es  wit h t h e c orr es p o n di n g

vis u al b o n e dir e cti o ns d V
1 , ...,d V

t fr o m  E q u ati o n 2.  N ot e t h at R W = I3
w h e n t h e s e ns or is  w or n i n e x a ctl y t h e d esi g n at e d p ositi o n a n d
ori e nt ati o n. R W c a n b e esti m at e d fr o m a s e q u e n c e of V is u al d V a n d
In erti al d I dir e cti o ns b y s ol vi n g t h e l e ast s q u ar e pr o bl e m:

mi n
R W

∑
t

||d V
t − R W · d I

t ||
2
2 ( 1 0)

S ol vi n g  E q u ati o n 1 0 f or all a v ail a bl e ( d I , d V ) p airs is c o m p ut a-
ti o n all y i nt e nsi v e. I nst e a d,  w e gr o u p t h e vis u al-i n erti al p airs a n d
u p d at e R W u si n g t h e o nli n e k - m e a ns al g orit h m d es cri b e d i n al g o-
rit h m 1  wit h a o nli n e k -d tr e e str u ct ur e.

Al g o rit h m 1: O nli n e I M U  R ot ati o n  Offs et  C ali br ati o n

I n p ut: In erti al dir e cti o n d I , V is u al dir e cti o n d V

D at a: k cl ust ers c i n k- d  Tr e e T , cl ust er c mi n ∈ c wit h
mi ni m u m n e ar est n ei g h b or dist a n c e ( n n dist)

O ut p ut: I M U r ot ati o n offs et R W

x ← n e xt s a m pl e ( d I , d V );
c ← n e ar est( x) i n T ;
if dist (x ,c ) < n n dist (c mi n ) t h e n

c ← a v er a g e( x, c);
r e pl a c e c wit h c i n T ;

els e
r e m o v e c mi n fr o m T ;
p us h x t o T ;
fi n d t h e n e w c mi n i n T ;

e n d

U p d at e R W fr o m c p airs usi n g  E q u ati o n 1 0

At r u nti m e,  w e  m ai nt ai n a fi x e d k = 2 0 0 n u m b er of cl ust er p airs
i n t h e k -d tr e e.  O ur s a m pli n g str at e g y  m a xi mi z es b et w e e n- cl ust er
dist a n c es,  w hi c h f a v ors u nif or m distri b uti o n of t h e cl ust ers a n d
mi ni mi z es t h e n u m b er of c oli n e ar s a m pl es.

T h e l o w er b o n e ori e nt ati o ns R S c a n al w a ys b e esti m at e d fr o m
R W , r e g ar dl ess of t h eir visi bilit y, usi n g  E q u ati o n 8.

4. 5  T e m p or al  Vi s u al-I n erti al  Ori e nt ati o n  N et w or k

U p p er ar m a n d t hi g h ori e nt ati o ns c a n b e esti m at e d at e v er y st e p
usi n g a s e q u e n c e of f or e ar m a n d l o w er l e g  m oti o ns, r es p e cti v el y,
u n d er t h e ass u m pti o n t h at t h e  m o v e m e nts of t h e l o w er a n d u p p er
b o n es of t h e s a m e li m b ar e hi g hl y c orr el at e d [ 1 4, 4 1].  H o w e v er,
m ulti pl e u p p er ar m or t hi g h ori e nt ati o ns ar e p ossi bl e f or a si n gl e
f or e ar m or l o w er l e g p os e.  T o o v er c o m e t his dif fi c ult y, o ur a p pr o a c h
us es vis u al o bs er v ati o ns of t h e u p p er b o n es  w h e n a v ail a bl e. I n
t his s e cti o n,  w e us e t h e s u bs cri pts i a n d u t o disti n g uis h b et w e e n
t h e s e ns or-instr u m e nt e d l o w er b o n es a n d t h e u ni nstr u m e nt e d u p p er
b o n es.

T h e c ali br at e d f or e ar m a n d l o w er l e g ori e nt ati o ns R S
i ar e c o m-

p ut e d usi n g t h e I M U offs et  m atri x R W
i i n  E q u ati o n 8. Si mil arl y, t h e

r a w a c c el er ati o ns a I
i c a n b e us e d t o c o m p ut e a S

i = R H
i · a I

i u si n g t h e

I M U a c c el er ati o n offs et  m atri x R H , i n di c ati n g t h e H e a di n g r es et, a
r ot ati o n al o n g t h e u p dir e cti o n c o m p ut e d fr o m R W .

We esti m at e t h e u n-i nstr u m e nt e d u p p er ar m a n d t hi g h ori e nt a-
ti o ns R S

u fr o m a s e q u e n c e of pr e vi o us R S
i , a S

i f or t h e f or e ar ms a n d
l o w er l e gs, as  w ell as t h e a v ail a bilit y of vis u al u p p er ar m a n d t hi g h
dir e cti o ns d V

u fr o m t h e vis u al d et e ct or i n S e ct. 4. 3,  w hil e e nf or ci n g

t h e c o nstr ai nt d (R S
u ) = d V

u fr o m  E q u ati o n 2.  T o b e i n v ari a nt t o t h e

b o d y dir e cti o n, R S
i , a S

i , a n d d V
u ar e n or m ali z e d  wit h r es p e ct t o t h e

r o ot j oi nt ( hi p c e nt er) ori e nt ati o n R S
r o ot at ti m e st e p t [ 1 4]:

R N (t) = (R S
r o ot (t))

− 1 · R S
i (t) ( 1 1)

a S
i → a N , a n d d V

u → d N ar e si mil arl y n or m ali z e d.  We us e N t o
i n di c at e t h e N or m ali z e d t ors o s p a c e.

T h e i n p ut f e at ur e v e ct or at ti m e t is d e fi n e d as:

x t = [ rt , ω t , a t , v t · d t ]
T ( 1 2)

rt d e n ot es [r N
1 (t), ...,r N

4 (t)] T f or 4 i n p ut b o n es. ω t , a t , a n d v t · d t

ar e si mil arl y d e fi n e d. r N
i i s t h e v e ct ori z e d R N

i , a n d ω N
i (t) is t h e

a n g ul ar v el o cit y b et w e e n R N
i (t) a n d R N

i (t − 1 ).  T h e i n p ut f e at ur e
v e ct or i n c or p or at es t h e l o w er b o n e  m oti o ns r e pr es e nt e d b y r ot ati o n,
v el o cit y, a n d a c c el er ati o n. If t h e j oi nts of t h e u p p er b o n e i ar e
pr o vi d e d b y t h e vis u al d et e ct or, its dir e cti o n d N

i i s a d d e d a n d its
visi bilit y v i i s s et t o 1.  Ot h er wis e, e x p eri m e nts s h o w e d t h at usi n g
v i = 0 .1 − 3 a n d d N

i = ( 1 ,1 ,1 ) yi el ds b ett er p erf or m a n c e t h a n s etti n g
b ot h t o 0.  T h e di m e nsi o n of x t i s (9 + 3 + 3 + 3 ) · 4 = 7 2 f or t h e 4
I M U-i nstr u m e nt e d b o n es (rt , ω t , a t ) a n d f or t h e 4 u ni nstr u m e nt e d
b o n es ( v t · d t ).

T h e o ut p ut v e ct or c o nt ai ns t h e v e ct ori z e d u ni nstr u m e nt e d b o n e
ori e nt ati o ns y t = [ r o

1 (t), ...,r o
4 (t)] T . r o

i ar e r es h a p e d t o t h e o ut p ut
ori e nt ati o ns R o

i (t).  T h e di m e nsi o n of y t i s (9 ) · 4 = 3 6 f or t h e 4
u p p er ar m a n d t hi g h b o n es.

O ur n et w or k’s t as k is t o l e ar n a f u n cti o n f : x → y t t h at pr e di cts
t h e u ni nstr u m e nt e d b o n e ori e nt ati o ns fr o m a s e q u e n c e of i n p ut f e a-
t ur es x = [ x t− n + 1 , ...,x t ].  We e m pl o y a  Tr a nsf or m er n et w or k,  w hi c h
h as b e e n s h o w n t o o ut p erf or m  L S T M i n  m a n y a p pli c ati o ns [ 3 7].  T h e
i n p ut s e q u e n c e is c o m p os e d of  m e as ur e m e nts fr o m t h e l ast n = 2 0
fr a m es [ 1 4].  T h e n et w or k ar c hit e ct ur e is s h o w n i n Fi g. 9.

Fi g ur e 9:  T e m p or al  Vi s u al-I n erti al  Ori e nt ati o n  N et w or k ar c hit e ct ur e.
U si n g a s e q u e n c e of vi s u al-i n erti al i n p ut f e at ur e v e ct or s x , t h e u ni n-
str u m e nt e d ori e nt ati o n s y ar e e sti m at e d.  All l a y er s u s e dr o p o ut 0. 2 i n
tr ai ni n g.  T h e n u m b er s i n br a c k et s i n di c at e t h e o ut p ut di m e n si o n s of
e a c h l a y er.

T h e n et w or k is tr ai n e d  wit h t h e f oll o wi n g l oss f u n cti o n:

L b o n e n et = ||y − y gt ||22 +
4

∑
i= 1

v
gt
i · a c os (d (R o

i ) ,d
gt
i ) ( 1 3)

T h e ori e nt ati o n l oss is  m e as ur e d usi n g t h e gr o u n d tr ut h y gt . d (R o )
r e pr es e nts t h e o ut p ut b o n e dir e cti o n c o m p ut e d usi n g  E q u ati o n 2. It is
p e n ali z e d b y t h e gr o u n d tr ut h d gt b o n e dir e cti o n,  w hi c h e n c o ur a g es
t h e o ut p ut b o n e dir e cti o n t o b e c o nsist e nt  wit h t h e vis u al i n p ut b o n e
dir e cti o n if pr o vi d e d. T his t er m is o nl y c o m p ut e d if v gt = 1.

At r u n-ti m e, t h e esti m at e d R o i n n or m ali z e d t ors o s p a c e ar e tr a ns-
f or m e d t o R S

u i n  w orl d s p a c e usi n g  E q u ati o n 1 1.

4. 6  D ef or m a bl e  B o d y  M o d el  Fitti n g

O ur pi p eli n e esti m at es t h e f ull b o d y s h a p e a n d p os e: j oi nt p ositi o ns J
a n d b o n e r ot ati o ns R S .  U n o bs er v e d j oi nt p ositi o ns ar e r e c o v er e d us-
i n g f or w ar d ki n e m ati cs fr o m R S a n d t h e c orr es p o n di n g b o n e l e n gt hs.
T h e b o d y s h a p e is u p d at e d b y s ol vi n g  E q u ati o n 4 usi n g t h e f ull b o d y
j oi nt p ositi o ns J .



T h e b o n e r ot ati o ns R S ar e f urt h er c orr e ct e d b y usi n g t h e d et e ct e d
vis u al dir e cti o n o ut p uts d V w h e n a v ail a bl e.  T h e esti m at e d R S ar e
t e m p or all y c o h er e nt b ut t h e  m oti o n  m a y b e o v er-s m o ot h e d  w h e n
s u d d e n c h a n g es i n  m oti o n or visi bilit y o c c ur al o n g t h e e d g es of
t h e c a m er a i m a g es.  T his iss u e c a n b e a v oi d e d b y fitti n g b o n e ori-
e nt ati o ns R S cl os er t o vis u al dir e cti o ns d V ,  w hi c h e n c o ur a g es a
q ui c k er r e a cti o n t o c h a n g es.  T h e c orr e ct e d b o n e r ot ati o ns R̄ S c a n b e
esti m at e d if d V ar e a v ail a bl e:

R̄ S = R v 2 v ( d (R S ) ,α · d V + ( 1 − α ) · d (R S )) · R S ( 1 4)

R v 2 v ( v 1 , v 2 ) is t h e r ot ati o n fr o m v 1 t o v 2 v e ct ors, a n d α = 0 .8
at r u n-ti m e.  T h e j oi nt p ositi o ns ¯J ar e als o u p d at e d b y t h e f or w ar d
ki n e m ati cs usi n g R̄ S .  T h e p os e p ar a m et ers T M ar e esti m at e d b y
usi n g R̄ S a n d ¯J i n  E q u ati o n 1 a n d  E q u ati o n 3.  T h e esti m at e d j oi nts ¯J
ar e tr a nsf err e d t o t h e n e xt fr a m e f or t h e t e m p or all y c o nsist e nt j oi nt
esti m ati o n i n S e ct. 4. 3.

5 R E S U L T S  A N D E V A L U A TI O N

O ur 3 D p os e esti m ati o n  m et h o d is n ot dir e ctl y c o m p ar a bl e t o a n y
pri or  m et h o ds  w e ar e a w ar e of.  O utsi d e-l o o ki n g-i n c a m er a- b as e d
m et h o ds [ 1 3, 1 6, 2 1, 4 3] r e q uir e all j oi nts t o b e visi bl e. Pri or vi-
s u al +i n erti al f usi o n a p pr o a c h es [ 1 8, 3 4, 3 9] a d diti o n all y r e q uir e  m or e
t h a n 1 0 d e ns el y- w or n I M Us.  O ur  m et h o d us es as i n p ut st er e o h e a d-
w or n vi e ws t h at al m ost n e v er c a pt ur e t h e e ntir e b o d y, a n d o nl y 4
i n erti al s e ns ors  w or n o n  wrists a n d a n kl es.  We c o m p ar e d o ur r es ults
wit h t h e f oll o wi n g t hr e e b as eli n e a p pr o a c h es:

H G 3 D (st er e o st a c k e d h o ur gl ass 3 D) is a vis u al- o nl y  m et h o d t h at
us es t h e 3 D j oi nt d et e ct or i n S e ct. 4. 2  wit h o ut t h e visi bilit y a w ar e n ess
t er m i n  E q u ati o n 6 [ 2 2, 2 4, 2 5]. It d et e cts b ot h visi bl e a n d i n visi bl e
j oi nts, a n d  m er g es t h e j oi nts fr o m t h e t w o d o w n w ar d c a m er a vi e ws
as s h o w n i n S e ct. 4. 3 t o pr o d u c e f ull- b o d y 3 D j oi nt p ositi o ns.  T h e
3 D b o n e r ot ati o ns ar e esti m at e d fr o m t h e d et e ct e d j oi nts usi n g t h e
i n v ers e ki n e m ati cs (I K) al g orit h m i n [ 7].  We als o s e p ar at el y e v al-
u at e d a  m o n o c ul ar st a c k e d h o ur gl ass 3 D o n t h e p u bli cl y- a v ail a bl e
e g o c e ntri c d at as et i n [ 4 5] a n d s h o w c o m p etiti v e r es ults i n  Ta bl e 3.

DI P is o ur i m pl e m e nt ati o n of  D e e p I n erti al P os er [ 1 4], a n I M U-
b as e d  m et h o d  w hi c h us es 6 s e ns ors pl a c e d o n  wrists, a n kl es, t ors o
a n d h e a d.  We us e d t h e gr o u n d tr ut h v al u es f or h e a d a n d t ors o
ori e nt ati o ns a n d a c c el er ati o ns, t h us i n cl u di n g o nl y li m b  m oti o ns
i n t h e c o m p aris o n.  We als o us e d gr o u n d tr ut h b o d y s h a p es a n d
pr e- c ali br at e d i n erti al  m e as ur e m e nts.  We i n cl u d e d 2 0 p ast fr a m es
a n d 5 f ut ur e fr a m es, al o n g  wit h t h e b est c o n fi g ur ati o n of t h e  L S T M
ar c hit e ct ur e. I n c o ntr ast, o ur o w n  m et h o d esti m at es t h e b o d y s h a p es
a n d s e ns or c ali br ati o ns at r u n-ti m e, a n d d o es n ot us e f ut ur e fr a m es.

O u rs 8 is a v ersi o n of o ur  m et h o d t h at us es 8 I M Us  w or n o n
wrists, a n kl es, u p p er ar ms a n d t hi g hs. Si n c e a ct u al  m e as ur e m e nts
ar e a v ail a bl e,  w e s ki p p e d t h e t e m p or al ori e nt ati o n n et w or k f or u p p er
ar m a n d t hi g h b o n e esti m ati o n i n S e ct. 4. 5. I nst e a d,  w e a p pli e d t h e
vis u al-i n erti al ali g n m e nt i n S e ct. 4. 4 t o all 8 I M Us o v er ti m e.

T o ass ess t h e a c c ur a c y of o ur r e c o nstr u cti o n r es ults,  w e e v al u at e d
o ur s yst e m b y c o m p ari n g 3 D j oi nt p ositi o n a n d ori e nt ati o n err ors
b et w e e n o ur esti m at es a n d t h e gr o u n d tr ut h.  T h e r es ults f or t h e  E g o-
VI P d at as et ar e s h o w n i n  Ta bl e 2, br o k e n d o w n i nt o t hr e e c at e g ori es
of j oi nts: visi bl e, o c cl u d e d, a n d o utsi d e F o V. I n all c at e g ori es, o ur
m et h o d si g ni fi c a ntl y o ut p erf or ms  H G 3 D a n d  DI P.

H G 3 D’s a c c ur a c y is c o m p ar a bl e  wit h o urs f or visi bl e j oi nts, b ut its
p ositi o n err ors ar e si g ni fi c a ntl y hi g h er f or b ot h o c cl u d e d a n d o utsi d e-
F o V j oi nts.  T h e ori e nt ati o ns c o m p ut e d usi n g I K ar e si g ni fi c a ntl y l ess
a c c ur at e t h a n  w h e n a c q uir e d fr o m i n erti al s e ns ors.  T his c o m p aris o n
s h o ws t h at e v e n a f e w i n erti al s e ns ors si g ni fi c a ntl y i m pr o v e p os e
a c c ur a c y i n j oi nt p ositi o ns a n d ori e nt ati o ns.

DI P s h o ws si g ni fi c a ntl y l o w er a c c ur a c y a n d hi g h er v ari a n c e t h a n
o ur  m et h o d i n b ot h p ositi o n a n d ori e nt ati o n.  T his c o m p aris o n s h o ws
t h at i n c or p or ati n g e v e n s p ars e vis u al i nf or m ati o n i nt o a n I M U- b as e d
m et h o d si g ni fi c a ntl y st a bili z es t h e t e m p or al a c c ur a c y. F or i n visi-
bl e j oi nts, o ur  m et h o d’s a c c ur a c y dr o ps si g ni fi c a ntl y d u e t o r el yi n g

e ntir el y o n i n erti al s e ns ors,  w hil e still o ut p erf or mi n g  DI P.  O ur  Tr a ns-
f or m er n et w or k- b as e d ori e nt ati o n esti m ati o n s h o ws l ess v ari a n c e
t h a n  DI P’s  L S T M- b as e d n et w or k.

Ta bl e 4 s h o ws t h e p ositi o n a c c ur a c y f or e a c h j oi nt.  L e g j oi nts
s h o w si g ni fi c a ntl y l o w er p ositi o n a c c ur a c y d u e t o d e cr e as e d visi bilit y
a n d i n cr e as e d d e pt hs.  Ta bl e 5 s h o ws t h e ori e nt ati o n a c c ur a c y f or
e a c h b o n e.  U p p er b o n es h a v e l o w er ori e nt ati o n a c c ur a c y t h a n l o w er
b o n es b e c a us e t h e y ar e n ot i nstr u m e nt e d  wit h I M Us.

Fi g. 1 0 s h o ws a q u alit ati v e c o m p aris o n.  H G 3 D f ail e d t o d et e ct
c orr e ctl y t h e o c cl u di n g ri g ht k n e e a n d a n kl e i n ( a), a n d  w as u n a bl e
t o d et e ct o utsi d e j oi nts i n ( b).  DI P u n d er esti m at e d t h e l eft k n e e lift
i n ( a) a n d h a n d r ais e i n ( b), r es p e cti v el y. I n ( c),  DI P o ut p uts t h e
wr o n g l o w er b o d y p os e d u e t o t h e p os e a m bi g uit y fr o m s p ars e I M U
i n p ut.  O ur  m et h o d s h o ws si g ni fi c a ntl y b ett er p os e esti m at es t h a n
H G 3 D a n d  DI P i n all c as es.

Fi g ur e 1 0:  Q u alit ati v e e v al u ati o n.  S el e ct e d fr a m e s,  E g o- VI P d at a s et.

T h e  O urs 8 ( d e ns e-I M Us) v ari a nt of o ur  m et h o d s h o ws t h e b est
p erf or m a n c e i n all t hr e e c at e g ori es b e c a us e all b o n es ar e i nstr u-
m e nt e d  wit h I M Us.  H o w e v er, t h e a c c ur a c y of o ur pr o p os e d  m et h o d,
wit h o nl y 4 I M Us, is c o m p ar a bl e t o t h at of  O urs 8, a n d b ot h p erf or m
si g ni fi c a ntl y b ett er t h a n eit h er  H G 3 D or  DI P.

6 A P P LI C A TI O N S

T o s h o w c as e t h e r e al-ti m e c a p a bilit y of o ur s yst e m,  w e d e m o nstr at e
a r e m ot e P h ysi c al  T h er a p y ( P T) s c e n ari o i n  Virt u al  R e alit y ( V R).
T h e us er  w e ari n g o ur pr ot ot y p e s yst e m a n d a tr ai n er  w e ari n g a n
O c ul us  Q u est  V R h e a ds et ar e i n diff er e nt p h ysi c al l o c ati o ns.  O ur
l e ar ni n g- b as e d pi p eli n e esti m at es t h e c urr e nt b o d y c o n fi g ur ati o n
(1 0 b o d y s h a p e p ar a m et ers a n d 2 4 × 3 p os e p ar a m et ers),  w hi c h is
s e nt t o t h e tr ai n er’s  V R h e a ds et o v er a  wir el ess n et w or k vi a  U D P.
T h e  V R h e a ds et us es t h e  U nit y  G a m e  E n gi n e [ 3 5] t o r e n d er t h e
us er’s pr e-s c a n n e d e n vir o n m e nt a n d b o d y  m o d el fr o m t h e tr ai n er’s
vi e w p oi nt i n r e al ti m e.  T h e tr ai n er e v al u at es t h e us er’s P T  m oti o ns
a n d gi v es r e al ti m e a u di o f e e d b a c k o n h o w t o i m pr o v e t h e m.  T h e
tr ai n er is pr o vi d e d  wit h c o ntr oll er- b as e d a n d p h ysi c al l o c o m oti o n t o
m o v e ar o u n d t h e us er’s e n vir o n m e nt.  T his d e m o nstr ati o n s h o ws t h at
o ur s yst e m is a bl e t o r e c o nstr u ct c h all e n gi n g a n d f ast P T  m oti o ns
i n r e al ti m e a n d c o ul d b e a vi a bl e t o ol f or r e m ot e P T i n t h e f ut ur e.
Fi g. 1 1 s h o ws a n o v er vi e w of t his ( u ni dir e cti o n al) P T d e m o s yst e m,
a n d Fi g. 1 (l eft 2 × 2 i m a g e gr o u p) s h o ws s a m pl e r es ults.

We als o d e m o nstr at e o ur s yst e m o ut d o ors, as s h o w n i n Fi g. 1
( c e nt er 2 × 2 i m a g e gr o u p), usi n g a b a c k p a c k P C.  T h e  m oti o n d at a
w as r e c or d e d a n d pr o c ess e d i n r e al-ti m e.  We ari n g t h e b a c k p a c k, t h e



T a bl e 2:  Q u a ntit ati v e e v al u ati o n o n t h e  E g o- VI P d at a s et s h o wi n g a v er a g e j oi nt p o siti o n err or s ( c m) a n d ori e nt ati o n err or s ( d e gr e e s).  T h e j oi nt
p o s e s  w er e e v al u at e d f or vi si bl e, o c cl u d e d, a n d o ut si d e- c a m er a- F o V c a s e s.  M et h o d s:  H G 3 D  =  St er e o  H o ur gl a s s 3 D ( 2 vi e w s);  DI P ( 6 I M U s);
O ur s ( 2 vi e w s, 4 I M U s);  O ur s 8 ( 2 vi e w s, 8 I M U s).  T h e  w or st r e s ult s ar e s h o w n b ol d e d.

µ t ot
c m σ t ot

c m µ vis
c m σ vis

c m µ o c c
c m σ o c c

c m µ o ut
c m σ o ut

c m µ t ot
d e g σ t ot

d e g µ vis
d e g σ vis

d e g µ o c c
d e g σ o c c

d e g µ o ut
d e g σ o ut

d e g

H G 3 D 3. 6 9 4. 4 4 2. 6 7 2. 8 1 6. 1 8 5. 5 8 1 8. 3 4 1 1. 5 1 1 9. 6 5 1 6. 3 6 2 1. 8 6 1 6. 4 7 1 6. 0 4 1 2. 3 8 8 3. 9 4 1 9. 5 4
DI P [ 1 4] 6. 0 6 5. 3 2 4. 3 3 4. 3 1 1 0. 5 2 6. 9 1 1 3. 6 6 4. 9 5 1 8. 1 4 1 1. 7 0 2 0. 0 5 1 2. 5 7 1 5. 6 0 9. 9 3 3 0. 9 3 1 1. 7 9

O urs 3. 3 3 2. 4 9 2. 4 6 1. 7 8 5. 6 0 3. 4 7 5. 5 0 2. 9 6 1 1. 2 8 6. 8 7 1 0. 8 8 7. 0 0 1 1. 7 1 6. 2 8 1 5. 4 2 7. 0 1
O urs 8 3. 1 7 1. 6 8 2. 4 4 1. 3 1 5. 0 8 2. 1 6 4. 5 0 1. 6 3 8. 7 6 4. 7 2 7. 7 4 4. 3 3 9. 9 9 4. 9 9 1 1. 7 8 4. 2 9

T a bl e 3:  P erf or m a n c e of  m o n o c ul ar  H G 3 D o n t h e  M o 2 C a p 2 d at a s et
[ 4 5] s h o wi n g  m e a n j oi nt p o siti o n err or s ( c m).

I n d o or ( c m)  O ut d o or ( c m)
3 D V’ 1 7 [ 2 0] 7. 6 2 8 9. 4 4 6
V N e ct [ 2 2] 9. 7 8 5 1 1. 3 7 5

M o 2 C a p 2 [ 4 5] 6. 1 4 0 8. 0 6 4
x R- E g o P os e [ 3 3] 4. 8 1 6 6. 0 1 9

H G 3 D 8. 6 8 0 8. 8 2 3

T a bl e 4:  P er-j oi nt a v er a g e p o siti o n err or s ( c m) f or o ur  m et h o d o n
E g o- VI P d at a s et.  T h e j oi nt p o s e s  w er e e v al u at e d i n vi si bl e, o c cl u d e d,
a n d o ut si d e- c a m er a- F o V c a s e s.  T h e  w or st r e s ult s ar e s h o w n b ol d e d.

µ t ot
c m σ t ot

c m µ vis
c m σ vis

c m µ o c c
c m σ o c c

c m µ o ut
c m σ o ut

c m

N e c k 1. 2 9 0. 6 9 1. 2 9 0. 6 9  N/ A  N/ A  N/ A  N/ A
S h o ul d er 1. 5 3 0. 8 4 1. 5 3 0. 8 4  N/ A  N/ A  N/ A  N/ A

Hi p 2. 4 0 1. 3 7 2. 4 0 1. 3 7  N/ A  N/ A  N/ A  N/ A
El b o w 2. 3 4 1. 7 6 2. 1 5 1. 2 8 3. 5 5 2. 6 0 7. 0 8 3. 6 3
Wrist 3. 0 2 2. 3 7 2. 7 4 1. 5 3 4. 4 9 4. 3 0 4. 9 5 2. 6 8
K n e e 5. 4 0 3. 8 4 5. 5 6 4. 4 2 5. 3 2 3. 2 5  N/ A  N/ A
A n kl e 6. 3 2 3. 7 3 6. 5 3 3. 7 8 6. 2 8 3. 6 0  N/ A  N/ A

T a bl e 5:  P er- b o n e a v er a g e ori e nt ati o n err or s ( d e gr e e s) f or o ur  m et h o d
o n t h e  E g o- VI P d at a s et, u si n g o nl y f or e ar m- a n d l o w er-l e g I M U s;
u p p er b o n e s e sti m at e d.  T h e  w or st r e s ult s ar e s h o w n b ol d e d.

µ t ot
d e g σ t ot

d e g µ vis
d e g σ vis

d e g µ o c c
d e g σ o c c

d e g µ o ut
d e g σ o ut

d e g

U p  Ar m 1 2. 7 8. 5 1 2. 5 8. 2 1 3. 1 8. 2 2 5. 9 9. 7
T hi g h 1 2. 4 7. 1 1 5. 0 7. 9 1 1. 1 6. 2  N/ A  N/ A

F or e ar m 7. 4 5. 0 7. 2 4. 7 7. 8 5. 6 1 1. 7 5. 7
L o  L e g 1 2. 5 6. 3 1 2. 2 7. 3 1 2. 5 6. 0  N/ A  N/ A

u s er p erf or m e d a n u m b er of st a n d ar d s o c c er e x er cis es.  O ur  m et h o d
s u c c essf ull y r e c o nstr u ct e d t h e  m o v e m e nts i n a gr ass y ar e a of a b o ut
5 0 s q u ar e  m et ers.  T his s h o w c as es t h e  m o bilit y of o ur s yst e m.

I n b ot h d e m os, t h e us er’s e n vir o n m e nts  w er e pr e-r e c o nstr u ct e d
usi n g  A gis oft’s  M et as h a p e s oft w ar e [ 1].  T h e b o d y t e xt ur e  w as
d eri v e d fr o m t w o f ull- b o d y i m a g es of t h e us er (fr o nt a n d b a c k).  We
us e d S M P Lif y- X [ 2 7] t o fit t h e S M P L b o d y  m o d el t o t h e b o d y a n d
f a ci al k e y p oi nts [ 6] a c q uir e d fr o m t h e i m a g es.  T h e c ol ors fr o m t h e
i m a g es  w er e t h e n r ast eri z e d t o a c a n o ni c al  U V  m a p b as e d o n t h e
est a blis h e d c orr es p o n d e n c e b et w e e n t h e fitt e d  m es h es a n d t h e b o d y
p art s e g m e nt ati o ns [ 1 1].

O ur pr ot ot y p e s yst e m r u ns at 3 7 f ps o n a d es kt o p P C (I nt el  X e o n
G ol d 6 2 4 2, 2. 8 G H z, 1 2 8  G B  R A M,  wit h  N VI DI A  Q u a dr o  R T X
6 0 0 0) a n d at 3 0 f ps o n a b a c k p a c k P C (I nt el i 7- 8 8 5 0 H, 2. 6 G H z,
3 2 G B  R A M  wit h  N VI DI A  G e F or c e  R T X 2 0 8 0).

7 F U T U R E W O R K

O ur c urr e nt s yst e m’s li mit ati o ns off er o p p ort u niti es f or f ut ur e  w or k.
Si n c e o ur s yst e m o nl y tr a c ks t h e us er’s li m bs, it d o es n ot  m o d el i nt er-
a cti o ns  wit h t h e t h e e n vir o n m e nt, n or is it a bl e t o d et e ct t o p ol o gi c al
or t e xt ur e c h a n g es i n t h e s urf a c e of t h e b o d y  m o d el.  We pl a n t o a d d
s u p p ort f or i nt er a cti o ns  wit h o bj e cts s u c h as  m o vi n g a c h air, t o p o-
l o gi c al c h a n g es s u c h as p utti n g o n a ti e, a n d t e xt ur e c h a n g es s u c h as
w e ari n g a diff er e nt s hirt.  We als o pl a n t o e xt e n d o ur a p pr o a c h t o b e
p h ysi c all y pl a usi bl e b y esti m ati n g 3 D e n vir o n m e nt c o nt a cts, as  w ell
as t o  m or e r e alisti c s h a p es  wit h ot h er b o d y  m o d els [ 2 6, 2 7].

T h e j oi nt p ositi o n a c c ur a c y is hi g hl y d e p e n d e nt o n t h e V S L A M

Fi g ur e 1 1: I nt er a cti v e  P h y si c al  T h er a p y a p pli c ati o n i n  V R.  T h e r e al-
ti m e b o d y r e c o n str u cti o n i s o nl y tr a n s mitt e d fr o m tr ai n e e t o tr ai n er.
T h e tr ai n er’ s  V R di s pl a y s h o w s t h e tr ai n e e’ s f ull- b o d y p erf or m a n c e
u si n g t h e pr e- s c a n n e d e n vir o n m e nt a n d b o d y t e xt ur e.  T h e tr ai n er
pr o vi d e s r e al-ti m e f e e d b a c k vi a a u di o.

r es ult,  w hi c h is us e d t o tr a nsf or m t h e esti m at e d j oi nts i nt o  w orl d
s p a c e. If V S L A M is u nst a bl e or i n a c c ur at e o v er ti m e, t h e b o d y p os e
a c c ur a c y dr o ps as  w ell. I n t h e n e xt it er ati o n of o ur s yst e m,  w e
pl a n t o us e  m ulti pl e f or w ar d c a m er as a n d i nt e gr at e a n I M U i nt o t h e
h e a ds et f or  m or e r o b ust n ess i n t h e h e a d p os e esti m ati o n.

I n o ur c urr e nt pi p eli n e, t h e r es ults of t h e 3 D j oi nt d et e cti o n n et-
w or k ar e f e d i nt o t h e t e m p or al ori e nt ati o n n et w or k. If t h e 3 D j oi nts
ar e d et e ct e d err o n e o usl y, s u c h err ors ar e pr o p a g at e d t hr o u g h o ut.
We pl a n t o i n v esti g at e a c o m bi n e d n et w or k, as  w ell as i m pr o vi n g
r o b ust n ess a g ai nst err o n e o us d et e cti o ns.

Fi n all y, u nli k e o ur c urr e nt P T pr ot ot y p e ( Fi g. 1 1), f ut ur e a p pli c a-
ti o n pr ot ot y p es  will d e m o nstr at e bi- dir e cti o n al t el e pr es e n c e.

8 C O N C L U SI O N

We pr es e nt e d a r e al-ti m e e g o c e ntri c 3 D c a pt ur e s yst e m as a st e p
t o w ar d a f ull y  m o bil e t el e pr es e n c e s yst e m.  O ur s yst e m  m a k es us e of
vis u al a n d i n erti al s e ns ors t h at ar e eit h er e as y t o e m b e d i nt o or ar e
alr e a d y pr es e nt i n c o m m o nl y  w or n p ers o n al a c c ess ori es: e y e gl ass es,
wrist w at c h es, a n d s h o es.

T h e e y e gl ass es f or m f a ct or  m a k es visi bilit y c h all e n gi n g,  w hil e t h e
s m all n u m b er of i n erti al s e ns ors  m a k es t h e f ull b o d y p os e dif fi c ult
t o esti m at e.  T o a d dr ess t h es e c h all e n g es, o ur s yst e m c o m bi n es
vis u al a n d i n erti al i nf or m ati o n a n d s h o ws i m pr o v e d f ull- b o d y p os e
esti m ati o n c o m p ar e d t o vis u al- o nl y or i n erti al- o nl y i nf or m ati o n.

I n t h e f ut ur e, as c a m er as a n d I M Us b e c o m e s m all er a n d  m or e
u bi q uit o us,  w e a nti ci p at e n o n- e n c u m b eri n g a n d e as y-t o- us e r e al-
ti m e s u c c ess ors t o o ur  m o bil e t el e pr es e n c e pr ot ot y p e t o b e c o m e
c o m m o n pl a c e a n d us ef ul f or  m a n y e v er y d a y c o m m u ni c ati o n t as ks.

A C K N O W L E D G M E N T S

Ji m  M a h a n e y h el p e d e xt e nsi v el y  wit h h ar d w ar e pr ot ot y p es a n d e x-
p eri m e nt al c a pt ur e.  We t h a n k o ur c oll a b or at ors fr o m  Xi m m ers e [ 4 4]
f or t h e h e a ds et d esi g n i n Fi g ur e 2 d.  T his  w or k  w as p arti all y s u p-
p ort e d b y  N ati o n al S ci e n c e F o u n d ati o n  A w ar ds 1 4 0 5 8 4 7, 1 7 1 8 3 1 3,
1 8 4 0 1 3 1, a n d b y t h e  B ei n g T o g et h er  C e ntr e, a c oll a b or ati o n b et w e e n
N a n y a n g  Te c h n ol o gi c al  U ni v ersit y ( N T U) Si n g a p or e a n d  U ni v ersit y
of  N ort h  C ar oli n a ( U N C) at  C h a p el  Hill, s u p p ort e d b y  U N C a n d t h e
Si n g a p or e  N ati o n al  R es e ar c h F o u n d ati o n, Pri m e  Mi nist er’s  Of fi c e,
Si n g a p or e u n d er its I nt er n ati o n al  R es e ar c h  C e ntr es i n Si n g a p or e
F u n di n g I niti ati v e.
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[32] J. Tautges, A. Zinke, B. Krüger, J. Baumann, A. Weber, T. Helten,
M. Müller, H.-P. Seidel, and B. Eberhardt. Motion reconstruction using
sparse accelerometer data. ACM Transactions on Graphics (ToG),
Proceedings of SIGGRAPH 2011, 30(3):18, 2011.

[33] D. Tome, P. Peluse, L. Agapito, and H. Badino. xr-egopose: Egocentric
3d human pose from an hmd camera. In Proceedings of the IEEE
International Conference on Computer Vision, pp. 7728–7738, 2019.

[34] M. Trumble, A. Gilbert, C. Malleson, A. Hilton, and J. P. Collomosse.
Total capture: 3d human pose estimation fusing video and inertial
sensors. In Proceedings of the British Machine Vision Conference
(BMVC), pp. 14.1–14.13, September 2017. doi: 10.5244/C.31.14

[35] Unity Game Engine. https://unity.com/, 2020.
[36] G. Varol, D. Ceylan, B. Russell, J. Yang, E. Yumer, I. Laptev, and

C. Schmid. Bodynet: Volumetric inference of 3d human body shapes.
In Proceedings of the European Conference on Computer Vision
(ECCV), pp. 20–36, 2018.

[37] A. Vaswani, N. Shazeer, N. Parmar, J. Uszkoreit, L. Jones, A. N.
Gomez, Ł. Kaiser, and I. Polosukhin. Attention is all you need. In
Advances in neural information processing systems, pp. 5998–6008,
2017.

[38] R. Villegas, J. Yang, Y. Zou, S. Sohn, X. Lin, and H. Lee. Learning to
generate long-term future via hierarchical prediction. In Proceedings

https://www.agisoft.com/downloads/installer/
https://www.agisoft.com/downloads/installer/
https://developer.microsoft.com/en-us/windows/mixed-reality/hololens_hardware_details
https://developer.microsoft.com/en-us/windows/mixed-reality/hololens_hardware_details
https://developer.microsoft.com/en-us/windows/mixed-reality/hololens_hardware_details
https://unity.com/


of the 34th International Conference on Machine Learning (ICML), pp.
3560–3569. JMLR. org, 2017.

[39] T. von Marcard, R. Henschel, M. J. Black, B. Rosenhahn, and G. Pons-
Moll. Recovering accurate 3d human pose in the wild using imus
and a moving camera. In Proceedings of the European Conference on
Computer Vision (ECCV), pp. 601–617, 2018.

[40] T. Von Marcard, G. Pons-Moll, and B. Rosenhahn. Human pose
estimation from video and imus. IEEE transactions on pattern analysis
and machine intelligence (TPAMI), 38(8):1533–1547, 2016.

[41] T. von Marcard, B. Rosenhahn, M. Black, and G. Pons-Moll. Sparse
inertial poser: Automatic 3d human pose estimation from sparse imus.
Computer Graphics Forum 36(2), Proceedings of the 38th Annual
Conference of the European Association for Computer Graphics (Euro-
graphics), pp. 349–360, 2017.

[42] C. Wang, J. Miguel Buenaposada, R. Zhu, and S. Lucey. Learning
depth from monocular videos using direct methods. In Proceedings of
the IEEE Conference on Computer Vision and Pattern Recognition, pp.
2022–2030, 2018.

[43] D. Xiang, H. Joo, and Y. Sheikh. Monocular total capture: Posing face,
body, and hands in the wild. In Proceedings of the IEEE Conference
on Computer Vision and Pattern Recognition, pp. 10965–10974, 2019.

[44] Ximmerse. https://www.ximmerse.com/en/.
[45] W. Xu, A. Chatterjee, M. Zollhofer, H. Rhodin, P. Fua, H.-P. Seidel,

and C. Theobalt. Mo2cap2: Real-time mobile 3d motion capture with
a cap-mounted fisheye camera. IEEE transactions on visualization and
computer graphics (TVCG), Proceedings of IEEE VR, 2019.

[46] T. Yu, Z. Zheng, Y. Zhong, J. Zhao, Q. Dai, G. Pons-Moll, and Y. Liu.
Simulcap: Single-view human performance capture with cloth simula-
tion. In 2019 IEEE/CVF Conference on Computer Vision and Pattern
Recognition (CVPR), pp. 5499–5509. IEEE, 2019.

[47] F. Zhang, X. Zhu, and M. Ye. Fast human pose estimation. In Pro-
ceedings of the IEEE Conference on Computer Vision and Pattern
Recognition, pp. 3517–3526, 2019.

https://www.ximmerse.com/en/

	Introduction
	Related Work
	Body Reconstruction
	Visual Pose Estimation
	Visual Egocentric Pose Estimation
	Inertial Pose Estimation

	Wearable Capture and Egocentric Dataset
	Eyeglasses and IMUs Prototype
	Egocentric Visual+Inertial Human Pose Dataset

	Egocentric Reconstruction Method
	3D Body Representation
	Visibility-Aware 3D Joint Detection Network
	Temporally, Multi-view Consistent Joint Estimation
	Visual-Inertial Alignment
	Temporal Visual-Inertial Orientation Network
	Deformable Body Model Fitting

	Results and Evaluation
	Applications
	Future Work
	Conclusion



