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Abstract

Event cameras offer various advantages for novel view rendering compared to syn-
chronously operating RGB cameras, and efficient event-based techniques supporting
rigid scenes have been recently demonstrated in the literature. In the case of non-rigid
objects, however, existing approaches additionally require sparse RGB inputs, which
can be a substantial practical limitation; it remains unknown if similar models could be
learned from event streams only. This paper sheds light on this challenging open ques-
tion and introduces Ev4DGS, i.e., the first approach for novel view rendering of non-
rigidly deforming objects in the explicit observation space (i.e., as RGB or greyscale im-
ages) from monocular event streams. Our method regresses a deformable 3D Gaussian
Splatting representation through 1) a loss relating the outputs of the estimated model
with the 2D event observation space, and 2) a coarse 3D deformation model trained
from binary masks generated from events. We perform experimental comparisons on
existing synthetic and newly recorded real datasets with non-rigid objects. The results
demonstrate the validity of Ev4DGS and its superior performance compared to mul-
tiple naive baselines that can be applied in our setting. We will release our models
and the datasets used in the evaluation for research purposes; see the project webpage:
https://4dgv.mpi-inf.mpg.de/Ev4DGS/.

1 Introduction

Non-rigid 3D reconstruction of deforming objects has a wide range of applications e.g., hu-
man avatar generation, virtual/augmented reality, and automatic robot manipulation. These
applications often require multiple cameras, making long-term camera calibration and large
equipment indispensable. If similar tasks could be performed with a single camera, it would
lead to the human avatar generation with a single smartphone and downsizing of the robot.
However, this problem is severely ill-posed because the non-rigid object’s shape changes
over time, though an observation from only one viewpoint is available per one timestamp.
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Despite significant advances, the problem remains unsolved, and there is a long way to go
until monocular techniques can offer a reasonable alternative to other sensor types in terms
of reconstruction quality.

Neural Radiance Fields (NeRF) [22] and 3D Gaussian Splatting (3DGS) [12] are break-
throughs in the field of 3D reconstruction and have fueled the field of novel-view rendering
for dynamic scenes. Recent works [4, 5, 7, 15, 16, 17, 19, 25, 26, 27, 33, 34, 37, 38, 39]
extend them with deformation fields or 4D extension to address this problem and support the
monocular non-rigid 3D reconstruction and novel-view synthesis. Although previous meth-
ods take RGB images as input, the RGB-based monocular setting has disadvantages. Motion
blur that occurs when the camera or object moves at high speed can degrade rendering per-
formance [20]. In addition, AR glasses and drones are limited in the amount of power they
can use, and cannot be equipped with RGB cameras that consume high amounts of power.

Event cameras are promising and reasonable alternatives to RGB cameras in these sce-
narios. An event camera is a sensor inspired by the visual system of animals that records
asynchronous brightness changes in a scene—called events—instead of RGB frames at reg-
ular intervals. Event cameras are characterized by high temporal resolution, enabling mea-
surement of scenes involving fast motion that are difficult to capture with RGB cameras.
While there are works addressing the novel-view synthesis of static scenes with event streams
[8, 14, 18, 32, 35, 36], so far, no solution to non-rigid 3D reconstruction for a single monoc-
ular event camera has been demonstrated.

We demonstrate that a solution to this challenging problem is possible. Inspired by the
recent advances in RGB-based reconstruction [5, 9, 21, 23], this paper proposes Event-based
4D Gaussian Splats (Ev4DGS), the first method for the novel-view rendering of non-rigid
objects from monocular event streams recorded by a continuously moving event camera. Our
main observation is that event-based supervision can be combined with the estimation of 3D
shapes serving as a basis for a regularized low-rank deformation model. However, there
are substantial differences between the RGB- [5] and event-based settings (ours) following
similar principles. We define loss functions that can be computed using events and binary
masks that can be generated from events, allowing us to train the whole framework using
event streams only. In the first stage, the motion is tracked with a coarse deformation model
and in the second stage, the object’s appearance is represented with 4D Gaussians [34, 37],
i.e., generalisation of the state-of-the-art 3DGS technique for the novel-view rendering of
rigid scenes to the temporal domain. The two-stage training process allows us to stabilize
the training by reducing the number of optimised parameters in each stage (and cope with
smaller ill-posed problems). Our deformation model is a time-dependent linear combination
of low-rank basis point clouds: we relate the obtained basis shapes with the temporal changes
of the 3D Gaussian parameters. The closest work [21] to ours that tackles novel-view syn-
thesis of dynamic scenes also requires RGB image input, which can be a practical limitation.
Since no datasets exist that fulfil the requirements of the new evaluation setting, we render
and record synthetic and real datasets allowing quantitative and qualitative evaluation. In
summary, the primary technical contributions of this paper are as follows:

* Ev4DGS, the first approach for novel-view rendering of non-rigid scenes from monoc-
ular event cameras. The proposed framework enables self-supervised learning with
only event streams and camera tracking information; no additional inputs are required.

* We employ a coarse deformation model to represent large scene displacements tailored
to the event-based setting. This model can be trained from monocular observations
despite the ill-posedness of the problem.
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* New synthetic and real sequences for evaluating Ev4DGS and future methods ope
ing under similar assumptions.

In our experiments, EvADGS demonstrates state-of-the-art accuracy, higher on ave
than that of competitive baselines. At the same time, it does not require an explicit rec
struction of RGB images.

2 Related Work

At present, RGB-based methods are the most common method for novel-view synthes
dynamic scenes. In this section, we introduce several RGB-based methods and then i
duce related event-based methods.

2.1 Monocular RGB-based Dynamic Novel-view Synthesis

The development of deep learning approaches in the last decade has brought signi
progress in novel-view synthesis. Neural Radiance Fields (NeRF) [22] is one of the m
signi cant breakthroughs. NeRF is a eld learned by MLP that stores the colour and dens
that depends on the viewing direction at each 3D location. Approaches to adapt NeRF, wi
performs 3D reconstruction of static scenes, to dynamic scenes have been actively stt
[4, 25, 26, 27, 33]. One of the primary drawbacks of NeRF-based methods is the Ic
training and rendering time.

3D Gaussian Splatting (3DGS) [12] achieves real-time rendering while maintaining hi
rendering quality. Unlike NeRF, 3DGS, with its explicit 3D representation, allows for mol
direct motion representation. The approaches for representing motions in existing 3C
methods for dynamic scenes include the combination of the canonical space and the d
mation eld [5, 7, 15, 16, 17, 19, 38, 39], and 4D Gaussian [34, 37]. In this paper, v
combine a canonical space and a deformation eld to represent motion. The canonical |
is a set of static 3D Gaussians that represent the 3D structure in the scene, and the deft
tion eld. In particular, we employ a deformation inspired by the coarse deformation moc
proposed in NPGs [5]. In NPGs, non-rigid object shapes are represented as time-var
coarse point clouds, and each 3D Gaussian is anchored to a local volume formed by
coarse points. Since our method differs from NPGs in that it takes events as input, we
several mechanisms to accommodate this.

2.2 Event-based Novel-view Synthesis

Most event-based methods target rigid scenes. Only recently, methods for non-rigid sc
emerged.

Rigid Scenes. The event camera is not affected by motion blur due to its high tempor
resolution. Existing methods [6, 28, 29, 40] perform novel-view synthesis using both ev
streams and RGB images with motion blur. They formulate the relationship between
motion blur in RGB frames and events and incorporated it into the loss function.
Recently, methods [8, 14, 18, 32, 35, 36] that are less restrictive with regards to in
and directly operated on event streams are proposed. Since they cannot directly supervis
rendered frame, they introduce a loss function that compares the brightness change estir
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from two rendered images with that estimated from an event stream, and it enables learni
of NeRF and 3D Gaussians with only event streams as input.

Non-rigid Scenes. A few works tackle novel-view synthesis of dynamic scenes using event
cameras. EVDNeRF [3] is an event camera simulator that uses known event streams to tr:
a network with D-NeRF [27] as the backbone, allowing event streams at novel viewpoint
to be output. DE-NeRF [21] works on novel-view synthesis of dynamic scenes using evel
streams and RGB images as input, however, it also requires RGB image input. To the best
our knowledge, there is still no research that addresses the novel-view synthesis of dynan
scenes using only monocular event streams as input.

3 Preliminaries

We next review the event formation model as we seek to reconstruct from dynamic evel
stream. Event cameras record the asynchronous per-pixel brightness changes—obser
from their viewpoint—as events. An eveats thus represented as a tugley;t; p), where

the 2D coordinate$x;y) indicate the event position in the image plane, amgnotes the
timestamp when the event occurs, and the polgrity a binary value representing whether
the pixel becomes brighter or darker. An event is triggeregdadten a logarithmic intensity
change front® exceeds a certain threshald wheret®is the timestamp corresponding to
the previous event occurring @t;y). If we denote this log intensity change lag,(t), the
polarity of the captured event is determined as follows:

+1; if Ly(t) Ley(t9>'s 1
L ifLey(t) Ley(t9< s: (1)

Therefore, we can formulate the intensity change @@imulated differengdetween two
timestampgp andt as follows:

Ley() Ley(t)=s & pi, Exyltort): )
to<ti t

4 Method

We propose Ev4ADGS, a new method for novel-view synthesis of non-rigidly deforming ob.
jects from a monocular event stream. We assume that the event camera moves around
non-rigid object rapidly, and in addition to the event stream, the viewptbhiitgi'\i"1 cor-
responding to the timestepﬁﬁgi’\iv1 are known in the training Although we only observe
each deformed state from a single viewpoint and with sparse event data at training, we ce
guery any view and at any time as intensity images during inferéoezover, we make no
assumptions about the shageg(, template) or motiond.g, rigidity) of the object.

Accurate 3D reconstruction of deformable objects from monocular observations is sever
ill-posed. An end-to-end learning of high-dimensional representations such as a deformat
3DGS can be prone to the local optima. To simplify this process, we factorise the non-rigi
object's representation as well as the self-supervised learning into its motion and appes
ance. More speci cally, we train independently in two stages and integrate them to represe
dynamic scenes. In the rst stage, we train a coarse deformation model to represent lar
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Figure 1: Overview of the proposed Ev4DGS method. We divide the event-based reconst
tion of non-rigid scenes into two stages. In the rst stage, we train the coarse deformat
model, which represents a non-rigid object shape as a set of points and enables the r
sentation of large 3D deformations in a scene. In the second stage, we obtain the 3lI
representation from an event stream. Best viewed with zoom.

deformations in the scene (Sec. 4.1). In the second stage, we obtain the full 3DGS repre
tation of the non-rigid object for the dynamic novel-view synthesis (Sec. 4.2). An overvie
of our proposed method is shown in Fig. 1.

Mask Generation. The inputs to Ev4DGS are a monocular event stream and calibrat
camera parameters. As part of our method, we also require binary segmentation masl
the object to compute the mask and silhouette losses. We generate these segment:
fM gi'\i"l directly from the event stream by simply applying Snakes [11] to an image mappi
the location of the event.

4.1 Coarse Stage: Deformation Model

Parametric Point Representation. Inspired by NPGs [5], we employ a coarse model to
represent the object deformations. The model represents the evolving state of the obje
a set of time-dependent coarse poifg) 2 RN 3, whereN. is small ( 1000). The point
model P(t) is computed as the linear combination of learned low-rank deformation ba:
vectorsf By 2 RNe 3gK_ | as follows:

K
P(t)= & ax(t)Bx; @A)
k=1

whereK is the number of basis vectors aag(t) are the time-dependent basis weights.
Following earlier neural parametric models [5, 24], the weights are learned from an M
fq - f(t) 7! f ayge with sinusoidal positional encoded tinfi€t) as input. HereK affects
the rigidity of the modelj.e., whenK is small, the model has fewer degrees of freedom
allowing for a more rigid modelling. Next, we describe the losses that drive the optimisati
of the basid Bxg ; and MLP weightgj.



