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EventEgo3D: 3D Human Motion Capture from Egocentric Event Streams
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Figure 1. EventEgo3D is the first approach for real-time 3D human motion capture from egocentric event streams: (a) A photograph
of our new head-mounted device (HDM) with a custom-designed egocentric fisheye event camera (top) and visualisations of our synthet-
ically rendered dataset and a real dataset recorded with the HDM (bottom); (b) Real-time demo achieving the pose update rate of 140Hz;
(c) Visualisation of real event streams (top) and the corresponding 3D human poses from a third-person perspective.

Abstract

Monocular egocentric 3D human motion capture is
a challenging and actively researched problem. Exist-
ing methods use synchronously operating visual sensors
(e.g. RGB cameras) and often fail under low lighting and
fast motions, which can be restricting in many applica-
tions involving head-mounted devices. In response to the
existing limitations, this paper 1) introduces a new prob-
lem, i.e., 3D human motion capture from an egocentric
monocular event camera with a fisheye lens, and 2) pro-
poses the first approach to it called EventEgo3D (EE3D).
Event streams have high temporal resolution and provide
reliable cues for 3D human motion capture under high-
speed human motions and rapidly changing illumination.
The proposed EE3D framework is specifically tailored for
learning with event streams in the LNES representation, en-
abling high 3D reconstruction accuracy. We also design a
prototype of a mobile head-mounted device with an event
camera and record a real dataset with event observations

and the ground-truth 3D human poses (in addition to the
synthetic dataset). Our EE3D demonstrates robustness and
superior 3D accuracy compared to existing solutions across
various challenging experiments while supporting real-time
3D pose update rates of 140Hz.!

1. Introduction

Head-mounted devices (HMD) have a high potential to be-
come the next mobile and pervasive computing platform in
human society that could enable many applications in edu-
cation, driving or personal assistance systems, gaming, and
many others. HMDs enable increased flexibility and allow
users to move freely and explore the environments they live
and work in. Consequently, egocentric 3D human pose es-
timation became an active research field during the last few
years, with several works focusing on recovering 3D human
poses from down-facing fisheye RGB cameras installed on
an HMD [1, 20, 21, 31, 37, 39-41, 44, 51].
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Existing egocentric setups have been predominantly
demonstrated in the literature with monocular RGB cam-
eras with a fisheye lens. While these experimental pro-
totypes showed high 3D human pose estimation accuracy
under certain assumptions, monocular RGB cameras on
HMDs have multiple fundamental disadvantages: They are
prone to over- or under-exposure and motion blur in the
presence of high-speed human motions; consume compa-
rably much power for a mobile device; moreover, they
record the image frames synchronously and require con-
stantly high data processing throughput. Hence, our work
is motivated by the observation that multiple disadvantages
of RGB-based HMDs can be alleviated with a different type
of visual sensor, i.e., event cameras. Event cameras record
streams of events, i.e., asynchronous per-pixel brightness
changes at high (us) temporal resolution. They also support
an increased dynamic range and consume less power (on the
order of tens of mW) than average RGB cameras (consum-
ing Watts) [11]. Also, no events are triggered if there are no
changes in the scene (apart from noisy signals).

Note that existing RGB-based (especially learning-
based) techniques cannot be re-purposed for event streams
in a straightforward way; new and dedicated approaches are
required to unveil all the advantages of event cameras. We
are thus inspired by the recent progress in event-based 3D
reconstruction in different scenarios [14, 33, 43, 52]. How-
ever, an egocentric HMD setup utilising an event camera
with a fisheye lens has not been previously addressed in
the literature. This configuration introduces additional chal-
lenges, including the need for lightweight design to accom-
modate high-speed human motions (real-time processing)
and the significant amount of background events generated
by the moving event camera.

This paper addresses the challenges associated with the
design of such an HMD with a monocular egocentric event
camera with a fisheye lens; see Fig. 1 for an overview. We
introduce a prototypical design of a compact HMD that can
be worn by a human and used under fast motions, with
the processing happening on a laptop carried in a backpack
(Fig. 1-(a) on top). We then propose a lightweight neural
network architecture operating on a suitable event stream
representation (LNES [33]) for real-time performance. Our
method, EventEgo3D or EE3D for short, encodes the in-
coming events in the compact representation and decodes
2D heatmaps of the observed human joint locations. After-
wards, the lifting block regresses the 3D human poses. We
also propose a residual event propagation module specif-
ically designed for the egocentric monocular setting that
highlights the wearer’s human amongst the background
events and provides reliable predictions even under the lack
of events due to the absence of human motion.

Due to the lack of event datasets in the egocentric set-
ting, we build a large-scale synthetic dataset for training

our approach. Moreover, we record a real dataset with 3D
ground-truth human poses and 2D event stream observa-
tions with our real HMD (Fig. 1-(a)). The proposed real-
world dataset allows for fine-tuning methods trained on the
synthetic dataset and boosting the accuracy of the egocen-
tric event-based 3D pose estimation in real-world scenarios.

In summary, this paper defines a new problem, i.e., 3D
human pose estimation from a monocular egocentric event
camera, and makes the following technical contributions:

* EE3D, the first end-to-end trainable neural approach
for 3D human motion capture from an egocentric event
camera with a fisheye lens installed on a mobile head-
mounted device (Sec. 3);

* Lightweight Residual Event Propagation Module and
Egocentric Pose Module tailored for real-time 3D human
motion capture (pose update rate of 140Hz) from egocen-
tric event streams with high 3D reconstruction accuracy;

* The design of a compact head-mounted device with an
egocentric event camera along with real and synthetic
datasets for method training and evaluation (Sec. 4).

Our experiments demonstrate higher 3D reconstruction
accuracy of EE3D in challenging scenarios with high-speed
human motions from egocentric monocular event streams
compared to existing (closely related) methods. The signif-
icance of each proposed module is evaluated and confirmed
in an ablative study (Sec. 5).

2. Related Work

We next review related methods for egocentric 3D human
pose estimation and event-based 3D reconstruction.

2.1. Egocentric 3D Human Pose Estimation

3D human pose estimation from egocentric monocular or
stereo RGB views has been actively studied during the last
decade. While the earliest approaches were optimisation-
based [31], the field promptly adopted neural architectures
following the state of the art in human pose estimation.
Thus, follow-up methods used a two-stream CNN archi-
tecture [44] and auto-encoders for monocular [36, 37] and
stereo inputs [1, 2, 51]. Another work focused on the
automatic calibration of fisheye cameras widely used in
the egocentric setting [50]. Recent papers leverage hu-
man motion priors and temporal constraints for predictions
in the global coordinate frame [39]; reinforcement learn-
ing for improved physical plausibility of the estimated mo-
tions [23, 47]; semi-supervised GAN-based human pose en-
hancement with external views [40] and depth estimation
[41]; and scene-conditioned denoising diffusion probabilis-
tic models [49]. Khirodkar et al. [16] address a slightly dif-
ferent setting and use a multi-stream transformer to capture
multiple humans in front-facing egocentric views.

All these works demonstrated promising results and
pushed the field forward. They, however, were designed



for synchronously operating RGB cameras and, hence—as
every RGB-based method—suffer from inherent limitations
of these sensors (detailed in Sec. 1). Thus, only a few of
them support real-time frame rates [36, 44]. Moreover, it is
unreasonable to expect that RGB-based approaches can be
easily adapted for event streams. In contrast, we propose an
approach that (for the first time) accounts for the new data
type in the context of egocentric 3D vision (events) and es-
timates 3D human poses at high 3D pose update rates.

Last but not least, none of the existing datasets for the
training and evaluation of egocentric 3D human pose es-
timation techniques and related problems [16, 26, 31, 36,
39, 41, 44, 48] provide event streams or frames at framer-
ate sufficient to generate events with event steam simula-
tors [29]. To evaluate and train our EE3D approach, we
synthesise and record the necessary datasets (i.e., synthetic,
real and background augmentation) required to investigate
event-based 3D human pose estimation on HMDs.

2.2. Event-based Methods for 3D Reconstruction

Substantial discrepancy between RGB frames and asyn-
chronous events has recently led to the emergence of ded-
icated event-based or hybrid 3D techniques for humans
[7, 43, 52], hands [33, 45] and general objects [25, 34, 42].

Nehvi et al. [25] track non-rigid 3D objects (polygo-
nal meshes or parametric 3D models) with a differentiable
event stream simulator. Rudnev et al. [33] synthesise a
dataset with human hands to train a neural 3D hand pose
tracker with a Kalman filter. They introduce a lightweight
LNES representation of events for learning as an improve-
ment upon event frames. Next, Xue et al. [45] optimise the
parameters of a 3D hand model by associating events with
mesh faces using the expectation-maximisation framework
assuming that events are predominantly triggered by hand
contours. Some works [43, 52] use RGB frames along with
the event streams, and some represent events as spatiotem-
poral points in space and encode them either as point clouds
[7, 24]. Consequently, most of these approaches are slow
(due to different reasons such as iterative optimisation or
computationally expensive operations on 3D point clouds),
with the notable exception of EventHands [33] achieving up
to 1kHz hand pose update rates.

We use LNES [33] as it is independent of the input event
count, facilitates real-time inference and can be efficiently
processed with neural components (e.g. CNN layers). In
contrast to all approaches discussed above, our method is
specifically designed for the egocentric setting and achieves
the highest accuracy level among all compared methods.
This is achieved by incorporating a novel residual mecha-
nism that propagates events (event history) from the previ-
ous frame to the current one, prioritising events triggered
around the human. This is also helpful when only a few
events are triggered due to the lack of motion.

3. The EventEgo3D Approach

Our EE3D approach estimates 3D human poses from an
egocentric monocular event camera with a fisheye lens. We
first explain the event camera model in Sec. 3.1 and then
describe the proposed framework in Sec. 3.2.

3.1. Event Camera Preliminaries

Event cameras capture event streams, i.e., a 1D tempo-
ral sequence that contains discrete packets of asynchronous
events that indicate the brightness change of a pixel of the
sensor. In our case, we use a fisheye lens and the Scara-
muzza projection model [35] for it, introducing a wider field
of view required for our HMD. An event is a tuple of the
form e; = (z;,yi,t;, p;) with the i-th index representing
the event fired at pixel location (z;, y;) with its correspond-
ing timestamp ¢; and a polarity p; € {—1,1}. The times-
tamps t; of modern event cameras have s temporal resolu-
tion. The event is generated when the change in logarithmic
brightness L at the pixel location (z;, y;) exceeds a prede-
fined threshold C, i.e., |L(z;,yi,t:) — L@, yi, ti — tp)| >
C, where t,, represents the previous triggering time at the
same pixel location. p = —1 indicates that the brightness
has decreased by C'; otherwise, it has increased if p = 1.

Modern neural 3D computer vision architectures [14,
18, 33] require event streams to be converted to a regular
representation, usually 2D or 3D. To this end, we adopt
the locally normalised event surfaces (LNES) [33] that ag-
gregate the event tuples into a compact 2D representation
as a function of time windows. A time window of size
T is constructed by collecting all events between the first
event e (relative to the given time window) and ey, where
tr, — to < T'. The events from the time window are stored
in the 2D LNES frame L € R¥*W*2 The LNES frame is
updated by L(z;, y;, p;) = Bz, withi € {1,...,k}, and
where each event triggered at pixel location (x, y) updates
the corresponding pixel location of the LNES frame.

3.2. Architecture of EventEgo3D

Our approach takes N consecutive LNES frames
B ={Ly,...,Ly}, L,eR92%256x2 45 input and re-
gresses the 3D human body pose per each LNES denoted
by O ={Jy,...,In}, J,€R%3; ¢ € {1,...,N}. J,
include the joints of the head, neck, shoulders, elbows,
wrists, hips, knees, ankles, and feet.

The proposed framework includes two modules; see
Fig. 2. First, the Egocentric Pose Module (EPM) estimates
the 3D coordinates of human body joints. Subsequently, the
Residual Event Propagation Module (REPM) propagates
events from the previous LNES frame to the current one.
The REPM module allows the framework 1) to focus more
on the events triggered around the human (than those of the
background) and 2) to retain the 3D human pose when only
a few events are generated due to the absence of motions.
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Figure 2. Overview of our EventEgo3D approach. The HMD captures an egocentric event stream converted to a series of 2D LNES
frames [33], from which our neural architecture regresses the 3D poses of the HMD user. The residual event propagation module (REPM)
emphasises events triggered around the human by considering the temporal context of observations (realised with a frame buffer with event
decay based on event confidence). REPM, hence, helps the encoder-decoder (from LNES to heatmaps) and the heatmap lifting module to

estimate accurate 3D human poses. The method is supervised with ground-truth segmentations, heatmaps and 3D human poses.

3.2.1 Egocentric Pose Module (EPM)

We regress 3D joints from the input L, in two steps: 1) 2D
joint heatmap estimation and 2) the heatmap-to-3D lifting.
2D Joint Heatmap Estimation. To estimate the 2D joint
heatmaps, we develop a U-Net-based architecture [32].
Here, we utilise the Blaze blocks [3] as layers of the encoder
and decoder to achieve real-time performance. The encoder
consists of six layers, and the heatmap decoder has four lay-
ers. Please see Appendix B for more details. We use L, to
estimate 2D heatmaps of 16 body joints H,, € R48*64x16,
The final estimated heatmaps are derived by averaging the
intermediate heatmaps. The network at this stage is su-
pervised using the mean square error (MSE) between the
ground-truth heatmaps and the predicted ones:
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where I:quj and H, ; are the predicted and ground-truth
heatmaps of the j-th joint; M ; is the number of body joints.
Heatmap-to-3D Lifting Module. Following previous
works [28, 36], the Heatmap-to-3D (HM-to-3D) lifting
module takes the estimated heatmaps as input and outputs
the 3D joints jq € R6%3, The HM-to-3D is a six-layer
network containing convolutional blocks and two dense
blocks. The HM-to-3D lifting module is supervised using
MSE between the ground-truth device-centric joint coordi-

nates and the predicted ones at the frame q:
1 &
choinls = E ZHJQJ - JQJHQ’ 2
j=1

where M ; is the number of body joints, and J j and J; are
the predicted and ground-truth j-th joints, respectively.

3.2.2 Residual Event Propagation Module (REPM)

In contrast to stationary camera setups, egocentric cameras
mounted on HMDs undergo significant movements. In the
case of our mobile device, motion results in a comparably
high number of events generated by the background. Hence,
our approach has to be robust to the background events. We
introduce the Residual Event Propagation Module (REPM)
that allows the network to focus on the events generated
by the subject wearing the HMD as well as rely on the in-
formation from previous frames when few events are ob-
served, i.e., when the movement of the human body is small.
REPM comprises the segmentation decoder, the confidence
decoder, and the frame buffer B. The segmentation decoder
first estimates the human body mask. Then, the confidence
decoder produces feature maps that act on the human body
mask to produce confidence maps that indicate regions of
the egocentric view to place more importance on. Lastly,
the frame buffer B stores the past input frame and its corre-
sponding confidence map, providing weighting to important
regions of the current frame (see the top part of Fig. 2).
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Figure 3. The frame buffer holds previous input frame I:q,1 (a)
and previous confident map C,—1 (b). The I:q,1 is weighted with
Cg4-1 and added to the current LNES frame Lg (c) to produce
I:q (d). We can observe that the events generated by the subject
are highlighted more compared to the background events, thereby
prioritising events generated by the subject.

Segmentation Decoder. The segmentation decoder esti-
mates the human body mask Sq € R48x64x1 of the HMD
user in the egocentric LNES views. The architectures of
this module and the heatmap decoder are the same except
for the final layer that outputs human body masks.

We use the feature maps from multiple levels of the en-
coder as the input to the segmentation decoder. The seg-
mentation decoder is supervised by the cross-entropy loss:

Lseg = —Sqlog(Sy) + (1 —8¢)log(1 —=S,), ()

where Sq and S, are the predicted and ground-truth seg-
mentation masks, respectively.
Confidence Decoder. The confidence decoder is a four-
layer convolution network that takes the human body mask
S, as input and produces a feature map Sg, € R43x64x1
that, in turn, is used in combination with Sq to produce the
confidence map C,, € R48x64x1;

C, = sigmoid(S, ® Sg,), “)

where “sigmoid(-)” is a sigmoid operation and “®” is an
element-wise multiplication.

Frame Buffer. The frame buffer B stores the confi-
dence map C,; € R**64x1 and input frame L, ; €
R192x256X2 of the previous LNES frame. Note that we ini-
tialize the frame buffer with zeros at the first frame. To
compute the current input frame Eq, we retrieve C,_; and
ﬂq_l using the following expression:

L,=L,160C, 0L, (5)

Figure 4. Sample from EE3D-S with synthetic RGB image (left),
generated event stream (middle), and human body mask (right).

Figure 5. Sample from EE3D-R with motion tracking setup (left)
used for obtaining the ground-truth 3D poses, event stream (mid-
dle), and human body mask (right).

where L, denotes the LNES frame at the current time, “©”
represents an element-wise multiplication, and “®” repre-
sents an element-wise addition. We normalize the values
of L, to the range of [~1,1]. Note, C,_; is resized to
192 x 256 before applying Eqn. (5). See Fig. 3 for an ex-
emplary visualisation of the components used in Eqn. (5).

3.2.3 Loss Terms and Supervision

Our method is supervised by the heatmap loss Ly, the seg-
mentation loss L and the joint loss Ljoins. Overall, our
total loss function is as follows:

L= )\joints»cjoims + AHEH + Asegﬁsegv (6)

where we set the weight of each loss as Ajoins=0.01,
An=10, Aseg=1.

4. Our Egocentric Setup and Datasets

We develop a portable head-mounted device (HMD; Fig. 1-
(a)) and capture a real dataset with it.

4.1. Head Mounted Device

Our HMD is a prototypical device consisting of a bicycle
helmet with a DVXplorer Mini [9] event camera attached
to the helmet 3.5cm away from the user’s head; the strap
allows a firm attachment on the head. We use a fisheye lens
Lensagon BF10M14522S118C [19] with a field of view of
190°. The total weight of the device is ~0.42kg. The de-
vice is used with a laptop in a backpack for external power
supply and real-time on-device computing. The compact
design and the flexibility of our HMD allow users to freely
move their heads and perform rapid human motions.



4.2. EE3D Datasets

We propose two datasets for method training and evalua-
tion: 1) EE3D-S, the large-scale synthetic dataset (used for
pre-training), and 2) EE3D-R, a real-world dataset capture
with our HMD; see Figs. 4 and 5. Both datasets provide
event data, human body masks, and ground-truth 3D poses.

4.2.1 EE3D-S (Synthetic)

EE3D-S is generated in two steps. We use the synthetic
egocentric renderings from Xu et al. [44] with SMPL-
based [22] virtual humans wearing the virtual copy of our
HDM and performing a wide range of motion sequences.
We render the egocentric views at 480 frames per second
(FPS) and feed them into VID2E [12], generating the event
streams for each sequence. Here, the SMPL [22] body pa-
rameters are linearly interpolated to render views at the de-
sired frame rate. We simulate different illuminations by in-
corporating four point-light sources positioned within a 5-
meter radius of the HMD, whose position and light intensity
randomly change for each sequence. In total, we generate
946 motion sequences with 6.21 - 10° 3D human poses.

4.2.2 EE3D-R (Real)

EE3D-R requires three steps. We ask twelve subjects—
persons with different body shapes and skin tones—to wear
our HMD and perform different motions (e.g. fast) in a
multi-view studio with 29 RGB cameras recording at 50
FPS. We capture twelve sequences per subject with the
following motions: walking, crouching, pushups, boxing,
kicking, dancing, interaction with the environment, crawl-
ing, sports and jumping. We track the 6DoF HMD poses
and the human poses in the global reference frame using a
multi-view motion capture system [5]; see Fig. 5.

Next, we pose the SMPL meshes using the tracked
space skeletons and obtain the human body masks by re-
projecting the former to the egocentric views. Finally, we
obtain the tracked 3D human poses in the local coordinate
system of the HMD. In total, we obtain 4.64 - 10° poses
spanning around 155 minutes of recordings.

HDM Calibration. To transform the tracked 3D human
poses into the world coordinate frame, we need to estimate
the 6DoF pose of HMD in it. We use a common image-
based calibration policy as follows. To obtain the chequer-
board images for the hand-eye calibration procedure, events
are generated from the chequerboard and subsequently con-
verted to images using E2VID [30]. We generate events uni-
formly across the chequerboard by sliding the chequerboard
diagonally. The final position of the chequerboard after this
sliding motion serves as the required chequerboard position
for hand-eye calibration. The obtained transformation ma-
trix from the hand-eye calibration is used to transform 3D

poses and SMPL body meshes to the local coordinate sys-
tem of the HMD.

Event Augmentation. Motions and data recorded in the
multi-view studio would not allow satisfactory generalisa-
tion to some in-the-wild scenes with different backgrounds.
Hence, we propose an event-wise augmentation technique
for the background events: We capture sequences of both
outdoor and indoor scenes without humans with a handheld
event camera, i.e., 20 minutes of data, comprising a total
of 3.28 - 10° events. Next, these background scene events
are used to augment the EE3D-S and EE3D-R datasets. See
Appendix A.3 for details on our event-based augmentation.

5. Experimental Evaluation

This section describes our experimental results includ-
ing numerical comparisons to the most related methods
(Sec. 5.1), an ablation study validating the contributions
of the core method modules (Sec. 5.2) as well as compar-
isons in terms of the runtime and architecture parameters
(Sec. 5.3). Finally, we show a real-time demo (Sec. 5.4).
Implementation Details. We implement our method in Py-
Torch [27] and use Adam optimizer [17] with a batch size of
27. We first train the network on the EE3D-S dataset with
a learning rate of 10~2 for 8 - 10° iterations and then fine-
tune it on the EE3D-R dataset with a learning rate of 10~*
for 1.5 - 10% iterations. All modules of our EE3D archi-
tecture are jointly trained. The network is supervised using
the most recent ground-truth pose within the time window
T when constructing the LNES frame, i.e., the ground-truth
pose is aligned with the latest event in the LNES. We set
T = 15ms and N = 20 for our experiments. The perfor-
mance metrics are reported on a GeForce RTX 3090. The
real-time demo is performed on a laptop equipped with a
4GB Quadro T1000 GPU, which is housed in a backpack
as illustrated in Fig. 1-(b).
Evaluation Methodology. We first pre-train EE3D on the
EE3D-S dataset and subsequently fine-tune it on EE3D-R.
The evaluation is conducted on EE3D-R: eight subjects are
used for pre-training and two subjects each are used for
validation and testing. Since no existing method addresses
3D human pose estimation from egocentric event streams,
we adapt two existing 3D pose estimation methods for our
problem setting:

* Xu et al. [44] and Tome et al. [36] are egocentric RGB-
based methods: We modify their first convolution layer to
accept the LNES representation.

e Rudnev et al. [33], i.e., an event-based method that takes
LNES as input and estimates hand poses: We modify its
output layer to regress 3D human poses.

We follow previous works [1, 44, 51] and report the Mean

Per Joint Position Error (MPJPE) and MPJPE with Pro-

crustes alignment [15] (PA-MPJPE).
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Figure 6. Qualitative results of our method in comparison to Xu
et al. [44] and Rudnev et al. [33]. Note how the previous methods
fail to estimate accurate 3D poses when events generated by the
background become more prevalent than events around the human.
The predictions are in red and the ground truth is in green.

5.1. Comparisons to the Related State of the Art

Table 1 presents quantitative results of our approach and
compared methods [33, 36, 44] adapted for our setting.
EE3D outperforms Xu et al. [44], Rudnev et al. [33] and
Tome et al. [36] by a large margin, e.g., by 6.30%, 19.64%
and 37.98% on MPJPE on average, respectively.

It is worth noting that our method demonstrates a su-
periority over the competing methods especially in com-
plex motions involving interaction with the environment,
crawling, kicking, sports and dancing. These motions often
come with fast-paced and jittery movements of the HMD,
generating substantial background event noise. Notably,
our method excels in handling such challenging scenarios.
Also, we achieve the lowest standard deviation o of the 3D
errors on average. This result indicates that our method can
estimate consistently accurate 3D poses across various mo-
tion activities. Fig. 6 shows visual outputs from our ap-
proach and compared methods. Notably, the events gener-
ated by the hand exhibit very close proximity to the events
generated by the background. Competing methods can not
handle such situations, predicting the background regions
as the position of the hand. However, our method can ac-
curately estimate 3D poses even in the presence of noisy
background events.

5.2. Ablation Study

We next perform an ablation study to systematically evalu-
ate the contributions of the core modules of our method. We
define the baseline method as a version with the EPM only.
We next systematically examine the impact of the REPM
as shown in Table 2. We see the baseline with the addition
of the segmentation decoder improves the performance. We
further notice a performance improvement when we allow

Figure 7. Ablation study of REPM on EE3D-R (representative
example): (a) Reference RGB view; (b) baseline (EPM only);
(c) baseline with segmentation decoder; (d) baseline with REPM
without confidence decoder, and (e) EE3D (full model). The pre-
dictions are in red and the ground truth is in green.

past events to propagate to the current frame by weighting
the events only with the segmentation decoder. Finally, in-
cluding the confidence decoder to weigh the events from
the previous frame, yields the best the best MPJPE and PA-
MPJPE. Fig. 7 shows the the effectiveness of the REPM. We
observe the baseline method’s susceptibility to background
events Fig. 7-(a). Although adding the segmentation de-
coder aids in mitigating this issue, it still struggles to esti-
mate the correct hand position Fig. 7-(b). Residual events
from the previous frame weighted by the human body mask
result in a significant performance improvement Fig. 7-(c).
Finally, our full framework with the confidence decoder
provides the closest possible estimate for the 3D pose in
comparison to the ground truth Fig. 7-(d).

5.3. Runtime and Performance

EventEgo3D supports real-time 3D human pose update
rates of 140Hz. From Table 3, we see that our method has
the lowest number of parameters and the lowest number of
required floating point operations (FLOPs) compared to the
competing methods. Rudnev er al. [33] is the fastest ap-
proach and the second-best in terms of 3D accuracy. We
achieve the second-highest number of pose updates per sec-
ond. This result highlights that our approach is well-suitable
for mobile devices: Its memory and computational require-
ments as well as power consumption (due to the event cam-
era) would be the lowest among the tested methods.

Since Rudnev er al. [33] use direct regression of 3D
joints, their method is faster while our method and Xu et
al. [44] use heatmaps as an intermediate representation to
estimate the 3D joints. Xu et al. and Tome et al. are not
designed for event streams and achieve lower 3D accuracy.
Moreover, the operations by Rudnev et al. are well paral-
lelisable, which explains its high pose update rate.



Method Metric Walk  Crouch Pushup Boxing Kick Dance Inter. withenv. Crawl Sports  Jump Avg. (0)
Tome et al. [36] MPJPE 140.34 17393 157.29 177.07 181.12 212.61 169.80 144.80 207.56 165.57 173.01 (23.62)
i PA-MPJPE 104.34 119.89 102.39 12428 121.64 132.86 111.89 88.94 120.15 11032 113.67 (12.76)
X; ;;alf_ E4;] 77777 MPJPE 86.09 153.53 19934 133.15 11400 10444 11452  187.95 12821 114.10 133.53(36.42)
PA-MPJPE  59.11 11331 147.13 10250 91.75  79.65 85.83 138.12  98.10  89.19 100.47 (26.52)
ﬁ;gn;v;;a; 7[;2]7 " MPJPE 7482 17823 10568 12893 11245 98.14 = 11005 12051 110.16 106.19 114.52(26.54)
’ PA-MPJPE  56.77 10834  84.15 10039 91.84 78.16 74.62 8347 8483 86.09  84.87 (14.08)
ﬁ;e;t;:;();l; (70711;3)7 "MPJPE 7088 163.84 97.88 13657 10372 88.87  103.19  109.71 10102 97.32 107.30 (25.78)
PA-MPJPE  52.11 9948 7553 10466 86.05 71.96 70.85 7794 77.82 80.17  79.66 (14.83)

Table 1. Numerical comparisons on the EE3D-R dataset (in mm). Our EventEgo3D outperforms existing approaches on most activities by
a substantial margin and achieves 6% improvement over Rudnev ef al. [33]. “o” denotes the standard deviation of MPJPE or PA-MPJPE.

(@)

MPJPE | PA-MPJPE |

Baseline (EPM only) 111.01 85.58
Baseline with segmentation decoder 108.85 84.98
Baseline with REPM w/o Confidence decoder 107.58 83.95
EventEgo3D (Ours) 107.30 79.66

Table 2. Ablation study on the EventEgo-R dataset.

Params | FLOPs| Pose Update Rate 1

Tome et al. [36] 77.01M 11.46G 77.07
Rudnev et al. [33] 11.2M 3.58G 489.56
Xu et al. [44] 82.18M 44.06G 68.65
EventEgo3D (Ours) 1.25M 416.84M 139.88

Table 3. Architecture (number of parameters), performance and
runtime (pose update rate) comparisons for the evaluated methods.

5.4. Real-time Demo

Event cameras provide high temporal event resolution and
can operate under low-lighting conditions due to their ex-
cellent high dynamic range properties. Our EE3D approach
runs at real-time 3D pose update rates, and we design a real-
time demo setup; see Fig. 1-(b) with a third-person view.
Our portable HMD enables a wide range of movements, and
the on-device computing laptop housed in the backpack al-
lows us to capture in-the-wild sequences.

We showcase two challenging scenarios, i.e. with fast
motions and in a poorly lit environment that would lead
to increased exposure time and motion blur in images cap-
tured by mainstream RGB cameras. Moreover, Fig. 8 il-
lustrates some of the challenging motions performed during

(c)
Figure 8. Qualitative results of our method on in-the-wild motion sequences: (a) Holding a laptop, (b) Clapping and (c) Waving. The
spatiotemporal scene context can be observed in the input LNES (events triggered by the laptop movement in (a) or raised hands in (c)).

the demo, highlighting that our method accurately estimates
3D poses for each motion. Notably, in Fig. 8-(c), a fast-
paced waving motion is depicted, and our method success-
fully recovers the 3D poses in this dynamic scenario. See
our video with the recordings of the real-time demo.

6. Conclusion

EventEgo3D addresses the new problem, i.e., 3D human
motion capture from egocentric event cameras, and we in-
troduce all the necessary tools required to address funda-
mental challenges in designing the method (HMD, the syn-
thetic and real datasets; and neural architecture with com-
ponents tailored to the problem). EventEgo3D runs at real-
time 3D pose update rates and is experimentally shown
as the most accurate approach among all compared meth-
ods: Noteworthy is that the largest improvements in the
3D reconstruction accuracy are observed under the most
challenging human motions. The EE3D-R dataset used for
fine-tuning our model—initially trained on synthetic data—
helps to bridge the gap between synthetic and real data.

We conclude that the usage of event cameras in the ego-
centric 3D human pose estimation setting is justified and
offers many advantages. Furthermore, we believe egocen-
tric event-based 3D vision in general has a high potential in
related fields that are yet to be explored in follow-up works.
Acknowledgement. This work was supported by the ERC
Consolidator Grant 4DReply (770784). Hiroyasu Akada is
also supported by the Nakajima Foundation.
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EventEgo3D: 3D Human Motion Capture from Egocentric Event Streams

Supplementary Material

This supplementary document first provides detailed in-
formation about our datasets in Section A. Section B dis-
cusses the architecture of EE3D and the real-time imple-
mentation of our framework. Next, we offer in Section C
a thorough evaluation of our method alongside competing
approaches on the test set of EE3D-S and conduct an abla-
tion study to analyse various dataset training strategies. We
also show visualisations of the predictions generated by our
method, along with intermediate representations such as hu-
man body masks, confidence maps, and 2D joint heatmaps.
Please check our video for more visualisations”.

A. Dataset Details
A.1. EE3D-S (Synthetic)

Given the difficulty of capturing a large amount of training
data for our egocentric setting, we create a synthetic dataset,
EE3D-S, for pre-training our method. We generate EE3D-S
by rendering sequences of human motions using a virtual
replica of our HMD. For each motion sequence, we first fit
the 3D human model SMPL [22] to the egocentric observa-
tions of the HMD wearer. Subsequently, we animate the hu-
man model by sampling from the CMU MoCap dataset [8].
Next, we obtain RGB frames and human body masks by
rendering the scene from the viewport of the virtual HMD.
Additionally, the 3D body joint positions of the wearer are
obtained by transforming the SMPL body joint positions
in the world coordinate frame to the coordinate frame of
the HMD. Finally, the rendered RGB frames are passed to
VID2E [12] that converts an RGB frame sequence to an
event stream, resulting in the EE3D-S dataset. To repre-
sent background events within the event stream generation
process, we model the background by randomly selecting
images from the LSUN dataset [46].

Scene Modelling. Following Xu et al. [44], we build our
dataset on top of the large-scale synthetic human dataset,
SURREAL [38] using Blender [4]. SMPL [22] provides
the proxy geometry of the HMD wearer, and body textures
are randomly sampled from the texture set provided by the
SURREAL dataset. The background is modelled with a
26m? sized plane with textures randomly sampled from the
LSUN dataset [46]. We illuminate the scene with four point
light sources with random positions within a five-meter ra-
dius from the HMD to create variously illuminated scenes.

Human Animation. The motions of the 3D human model

thtps ://www.youtube.com/watch?v=jatNHOs_k_E
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Figure 1. Exemplary events from EE3D-S (left), background
events (middle) and background events augmented with the events
from EE3D-S (right).

are sampled from the CMU MoCap [8] dataset. While
generating events, it is essential to ensure that VID2E has
enough temporal information from the motion sequence, as
highlighted in Gehrig et al. [12]. Hence, we sample the mo-
tions at high frame rates, i.e. the SMPL body parameters
obtained from SURREAL are linearly interpolated to sam-
ple motions at 480Hz.

Rendering and Event Stream Generation. We render the
scenes using the fisheye camera from the virtual replica of
the HMD. The position of the fisheye camera is obtained by
offsetting the nose vertex position of the SMPL body align-
ing it closely with the event camera mounted on the real
HMD, i.e. the offset is determined by visually aligning the
position of the real event camera with respect to the wearer.
To set the intrinsic parameters of the fisheye camera, we
calibrate our real event camera using the omnidirectional
camera calibration toolbox OCamCalib [35]. The obtained
intrinsic parameters are then set for the virtual fisheye cam-
era. Due to the different head sizes and HMD movements
during its operation, the camera position with respect to the
head can change slightly. To account for this effect, we add
random perturbations to the position of the virtual fisheye
camera. We generate the RGB frames and the human body
masks using image and mist render layers in Blender’s Cy-
cles renderer [4]. The rendered RGB frames are then pro-
cessed by VID2E [12] to generate the event streams. In
total, we synthesise 946 motion sequences with 6.21 - 10°
3D human poses and 1.419 - 10! events.

A.2. EE3D-R (Real)

To evaluate our method and reduce the domain gap between
synthetic and real scenarios, we collect the EE3D-R dataset.
Dataset Composition. The EE3D-R dataset mainly in-
cludes regular body movements, featuring a wide range
of (natural and unrestricted) motions and inherent differ-
ences in their execution among the participants. We ask
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Figure III. The network architecture of the confidence decoder
(top) and Heatmap-to-3D (HM-to-3D) lifting block (bottom).

twelve subjects—persons with different body shapes and
skin tones—to wear our HMD and perform different mo-
tions (e.g. fast) in a multi-view studio with 29 RGB cameras
recording at 50 fps. Each sequence encompasses the follow-
ing motion types: Walking, crouching, push-ups, boxing,
kicking, dancing, interaction with the environment, crawl-
ing, sports and jumping. In the sports category, participants
perform specific activities—playing basketball, participat-
ing in tug of war and playing golf. Meanwhile, in the inter-
action with the environment category, the subjects perform
actions such as picking up objects from a table, sitting on a
chair, and moving the chair. We obtain in total 4.64 - 10°
poses spanning 2155 minutes.

12

Human Body Mask Generation. The human body mask
is generated in two steps. First, we track an SMPL mesh
on the wearer of the HMD using open-source software
EasyMoCap [10]. Subsequently, we transform the tracked
SMPL mesh into the local coordinate system of the HMD
and then project it onto the egocentric view.

A.3. Event Augmentation

Motions and data recorded in the multi-view studio would
not allow satisfactory generalisation to some in-the-wild
scenes with different backgrounds. Hence, we propose
an event-wise augmentation technique for the background
events and apply it to EE3D-S and EE3D-R; see Fig. I.

We capture sequences of both outdoor and indoor scenes
without humans with a handheld event camera and obtain
a background event stream. The event-wise augmentation
augmentation is done in two steps. First, we convert the
background event stream to LNES frames, each denoted by
Lg with a time window of duration 1" (refer to Sec. 5). We
obtain the LNES frame Lq and its corresponding human
segmentation mask from EE3D-S or EE3D-R. We next per-
form element-wise multiplication between Ly and the in-
verse of the human segmentation mask, resulting in La.
The inverted human segmentation mask functions as the
background mask effectively removing the human. Finally,
we perform element-wise addition of La and Lg, which
serves as the input to our network.

B. Implementation and Architecture Details
B.1. Architecture Details

The encoder, heatmap decoder and segmentation decoder
are constructed using Blaze blocks [3]; see Fig. II. The
confidence decoder and Heatmap-to-3D (HM-to-3D) lifting
block are built using standard convolution filters.

The confidence decoder is a four-layer fully convolu-
tional neural network. In each convolution layer, filters with
a kernel size of three are utilised, followed by the PReLU
activations [13]. We apply appropriate padding to maintain
the spatial dimensions at each network layer so that the net-
work output has the same dimensions as its input.

The HM-to-3D lifting block shown in Fig. III is a six-
layer network with three convolution layers and three dense
layers. Each convolution layer consists of filters with a
kernel size of four, followed by batch normalisation and
RELU activation function. Subsequently, we perform aver-
age pooling and flatten the features outputted by the convo-
lution layers. Finally, these features are passed to the dense
layers to estimate the positions of the joints denoted as J.

B.2. Real-time Inference

3D Viewer. Our method runs locally on the laptop housed
in the backpack. We visualise the results using a separate



Method Metric Walk  Crouch Pushup Boxing  Kick Dance Inter. withenv. Crawl Sports  Jump Avg. (o)
Ours with EE3D-S MPIPE 326.17 319.17 23992 254.62 318.03 274.43 279.79 32740 317.49 31691 297.39 (32.29)
PA-MPJPE 180.83 173.56 13447 130.56 181.62 146.33 162.28 162.90 153.61 154.39 158.05 (17.76)
O;r; ;Viftth}E;];_éf 'MPJPE 8721 163.80 10140 13250 111.68 9872 10207 13571 107.53 10627 114.69 (22.73)
PA-MPJPE  69.16 110.14  78.92 103.18 9430  77.49 72.59 104.63  81.75 82.75 87.49 (14.48)
O;r; ;V/;;A;g;; ~ MPIPE  80.02 127.62 97.68 11992 118.06 13022  107.27 9378 13221 11537 112.21(17.25)
’ PA-MPJPE  60.04 95.74 76.33 95.54 89.71  103.02 88.22 74.07 9472 8577  86.32(12.82)
o;r: 777777777 MPJPE 7088 163.84 9788 13657 10372 8887  103.19  109.71 101.02 97.32 107.30 (25.78)
PA-MPJPE  52.11 99.48 7553 10466 86.05  71.96 70.85 7794 77.82 80.17  79.66 (14.83)

Table I. Numerical comparisons on the EE3D-R dataset with different dataset training strategies. Fine-tuning our method on EE3D-R after
pre-training on EE3D-S yields an improvement of 62.26% in the MPJPE.

Rudnev et al.’s approach [33] performs the worst in our test-

MPIJPE | PA-MPIJPE |
ing achieving an MPJPE of 217.05mm.

Tome et al. [36] 172.14 124.62 Additional Visualisations. We provide additional visuali-
Rudnev et al. [33] 217.05 136.05 sations for our method showcasing intermediate representa-
Xu et al. [44] 196.39 99.07 tions produced by each module in Table III. The input I:q is
EventEgo3D (Ours)  124.85 92.58 computed based on L, and L,_1, i.e. the current and pre-

vious input LNES frames. The segmentation decoder first
estimates the segmentation mask that subsequently serves
as input for the confidence decoder to generate the confi-
dence map. Simultaneously, the heatmap decoder estimates

Table II. Quantitative evaluation on EE3D-S.

device running a 3D viewer [10]. The predictions generated
by our method are transmitted to the 3D viewer through net-
work sockets. Note that the data transmission causes a slight

the heatmaps of the human body joints. These heatmaps are
then passed to the HM-to-3D lifting block resulting in the
regression of the 3D joint locations.

lag in the visualisations, especially during complex and fast
motions for which the pose update frequency is very high.
Temporal Stability. We reduce the jitter generated by our
method for real-time inference with the 1€ filter [6]. For a
fair comparison, the same procedure is also performed for
all the methods we evaluate.

C. Additional Experiments

Ablation Study for the Dataset Training Strategy. Ta-
ble I summarises the quantitative evaluation of our method
on the EE3D-R dataset using different training strategies.
Training our method solely on EE3D-S without fine-tuning
on EE3D-R yields the poorest performance. Pre-training
our method on EE3D-S and subsequently fine-tuning it on
EE3D-R results in a lower MJPJE (denoted as “Ours w/o
Augm.”) compared to training our method exclusively on
EE3D-R (denoted as “Ours with EE3D-R”). Specifically,
this approach improves the MJPJE by 2.16%. Further-
more, augmenting the events with background data (refer to
Sec. A.3) in conjunction with fine-tuning leads to the best
MIJPIJE of 107.30mm.

Evaluation on EE3D-S. Table II quantitatively evaluates
our approach and competing methods on EE3D-S. In this
experiment, all the methods are pre-trained on EE3D-S and
fine-tuned on EE3D-R. We then compare the methods on
the test set of EE3D-S. Overall, our method achieves the
lowest MPJPE outperforming Tome et al. [36] and Xu et
al. [44] by 27.47% and 36.42% on MPJPE, respectively.
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Table III. Additional visualisations of EE3D along with the visualisations of input frames ﬁq, human body masks, confidence maps,
heatmaps and the 3D predictions. The 3D poses depicted in green represent the ground truth, while those in red signify the predictions by
our method. The colour scheme for the input frames L, human body masks and confidence maps can be found in Fig. 3 of the main paper.
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