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Abstract—Recent advancements in 3D Gaussian Splatting
(3D-GS) have demonstrated the potential of using 3D Gaus-
sian primitives for high-speed, high-fidelity, and cost-efficient
novel view synthesis from continuously calibrated input views.
However, conventional methods require high-frame-rate dense
and high-quality sharp images, which are time-consuming and
inefficient to capture, especially in dynamic environments. Event
cameras, with their high temporal resolution and ability to
capture asynchronous brightness changes, offer a promising
alternative for more reliable scene reconstruction without motion
blur. In this paper, we propose SweepEvGS, a novel hardware-
integrated method that leverages event cameras for robust and
accurate novel view synthesis across various imaging settings
from a single sweep. SweepEvGS utilizes the initial static frame
with dense event streams captured during a single camera
sweep to effectively reconstruct detailed scene views. We also
introduce different real-world hardware imaging systems for real-
world data collection and evaluation for future research. We
validate the robustness and efficiency of SweepEvGS through
experiments in three different imaging settings: synthetic objects,
real-world macro-level, and real-world micro-level view synthesis.
Our results demonstrate that SweepEvGS surpasses existing
methods in visual rendering quality, rendering speed, and compu-
tational efficiency, highlighting its potential for dynamic practical
applications.

Index Terms—Computer vision, image processing-&gt, image
synthesis-&gt, neural radiance field.

I. INTRODUCTION

OVEL View Synthesis with densely multi-view images
of a given 3D scene generates new and realistic
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(a) 3D-GS in
macro settings

(b) Ours in
macro settings

(c) 3D-GS in
micro settings

(d) Ours in
micro settings

Fig. 1. Frame-based devices capture experience blur in real-world macro
imaging settings when undergoing fast camera/object movement (a). Blur
also occurs in real-world microimaging settings such as microscopy when
undergoing drastic object displacement (b). Our SweepEvGS is able to render
sharp and accurate detailed radiance field representation across various real-
world hardware imaging settings (c) and (d).

2D viewpoints [1], [2]. Recently, 3D Gaussian Splatting
(3D-GS) [3] has introduced an unstructured 3D Gaussian
radiance field that uses 3D Gaussian primitives to achieve
impressive success in fast, high-quality, and cost-effective
novel view synthesis from densely input views [4], [5].
However, accurate reconstruction of a radiance field typically
requires capturing dense and high-quality training frames.
While using videos as input can be an efficient way, blur may
occur, producing poor ground truth, shown in Figure 1(a) and
(c), and inaccurate camera calibration [6], [7]. Some methods
[3], [8], [9], [10], [11] involve recording videos at a slow
pace to minimize motion blur, ensuring that each frame is
clear and usable for reconstruction. However, this approach
has significant drawbacks. The process is not only slow and
cumbersome but also prone to inefficiencies, particularly in

1051-8215 © 2025 IEEE. All rights reserved, including rights for text and data mining, and training of artificial intelligence and
similar technologies. Personal use is permitted, but republication/redistribution requires IEEE permission.
See https://www.ieee.org/publications/rights/index.html for more information.

Authorized licensed use limited to: The University of Hong Kong Libraries. Downloaded on December 09,2025 at 09:23:34 UTC from IEEE Xplore. Restrictions apply.


https://orcid.org/0009-0007-2264-2249
https://orcid.org/0000-0002-3000-1536
https://orcid.org/0000-0002-5941-8028
https://orcid.org/0000-0001-6749-0364
https://orcid.org/0000-0001-6268-950X

WU et al.: SweepEvGS: EVENT-BASED 3D-GS FOR MACRO AND MICRO RADIANCE FIELD RENDERING

dynamic environments where rapid movements are involved.
Therefore, efficiently and accurately obtaining such training
information has become a vital topic.

Event cameras, on the other hand, are a new imaging sensor
that asynchronously captures per-pixel brightness changes
[12], offering advanced properties and representing a major
paradigm shift from conventional frame-based cameras across
various vision tasks [13], [14], [15], [16], [17], [18], [19],
[20]. The nature of event cameras makes them highly efficient
for fast and dynamic scene capturing. The captured event
streams at the microsecond level without motion blur are
highly effective for dense radiance field reconstruction.

These gifts from event cameras make, in theory, good
imaging devices for fast imaging and capturing. However,
using event cameras to enable robust and accurate real-world
radiance field rendering in different imaging settings still faces
several technical challenges. First, as there are no mature
event-based COLMAP [6] to generate accurate camera pose,
coordinate, and point cloud, designing hardware systems that
fit different imaging settings while acquiring precise cam-
era calibration for 3D-GS and corresponding clear ground
truth frames for quantitative metric calculation is not trivial.
Second, utilizing real-world data and formulating them into
accurate supervisory signals across different imaging settings
to reconstruct accurate radiance fields is also challenging. This
is because object scopes and noise levels differed from each
imaging setting, making it harder to unify across all of them.
Third, designing an event-based 3D-GS algorithm for efficient
and effective radiance field rendering in these different imaging
settings is vital, because such a unified algorithm would benefit
brother applications. To address these challenges, we propose
SweepEvGS: a novel hardware-integrated and event-based
3D-GS approach that leverages the capabilities of event cam-
eras for efficient and accurate novel view synthesis across
three different imaging settings with just a single sweep of
the camera. By using only the first static frame captured and
combining it with the dense stream of events generated during
the camera sweep, we employ 3D-GS to reconstruct frames of
the swept view efficiently and accurately. We summarize our
technical contributions as follows:

o We introduce SweepEvGS, marking the first hardware-
integrated approach that enables efficient radiance field
rendering from a monocular event camera with only a
single camera sweep across different imaging settings.

e We design a unified and generalized multi-modal data
utilization, and robust supervision for 3D-GS pipeline that
enables accurate radiance field reconstitution in different
imaging settings.

e We propose different hardware imaging systems designed
for various settings of real-world radiance field rendering,
including detailed steps for data collection and evaluation
for future research.

To demonstrate the robustness of our proposed method, we
conducted experiments in three different imaging settings and
scales: (1) synthetic objects view synthesis, (2) real-world
macro-level view synthesis, for example, Figure 1(b), and
(3) real-world microscopic-level view synthesis, for example,
Figure 1(d). Extensive experiments in both simulated and
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different real-world settings validate that our method surpasses
the visual rendering quality of existing pipeline approaches
both quantitatively and qualitatively. Additionally, it achieves
around 150 times faster rendering speeds and requires about
3 times fewer computational resources than the previous
NeRF-based approach. These results demonstrate the robust-
ness and efficiency of our approach in both synthetic and
real-world scenarios, highlighting its potential for practical
applications in dynamic environments.

II. RELATED WORK
A. Radiance Field Rendering

Radiance field rendering and novel-view synthesis are
fundamental tasks in graphics and computer vision, with
significant applications in robotics, virtual reality, and other
areas. Neural Radiance Fields (NeRF) [21] and its variants
[22], [23] have significantly advanced these tasks by implicitly
modeling scenes with MLP-based neural networks and utiliz-
ing differentiable volume rendering. This approach achieves
state-of-the-art rendering results with high fidelity and fine
details. However, the necessity to sample a large number of
points to accumulate the color of each pixel results in low
rendering efficiency and prolonged training times.

To address these challenges, recent research has explored
alternative 3D representations for better efficiency and visual
fidelity. 3D-GS employs a set of optimized Gaussian splats to
achieve state-of-the-art reconstruction quality and rendering
speed. Initialized from sparse Structure-from-Motion (SfM)
point clouds, 3D-GS is trained via differentiable render-
ing to adaptively control the density and refine the shape
and appearance parameters. However, accurate radiance field
reconstruction usually demands dense, high-quality training
frames, which are time-consuming and inefficient to capture.
Reducing view constraints can lead to incorrect geometry
learning, resulting in poor novel view synthesis and rendering
quality. Some methods [3] record videos slowly to minimize
motion blur, ensuring clear frames for reconstruction. Yet, this
approach is slow, cumbersome, and inefficient, especially in
dynamic environments with rapid movements. Therefore, it
is vital to seek solutions that overcome these challenges and
synthesize novel views with simple imaging processes across
different settings.

B. Neuromorphic Radiance Field Rendering

The distinctive features of event cameras, including their
ability to prevent motion blur, provide a high dynamic range,
ensure low latency, and consume minimal power, have spurred
their adoption in computer vision and computational imaging
[24], [25], [26], [27], [28]. Several approaches have been pro-
posed to address the view synthesis challenge using NeRF [21]
with event data [29], [30], leveraging volumetric rendering
with either pure event or semi-event (blurred RGB involved)
supervision. These methods utilize the inherent multi-view
consistency of NeRFs, providing a robust self-supervision
signal for extracting coherent scene structures from raw event
data. However, a significant drawback is the time-consuming
optimization of NeRF. The computational demands of training
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and optimizing an event NeRF pipeline, in terms of both
training time and GPU memory, are approximately 80 times
greater than those of the 3D-GS pipeline. Additionally, the
use of high-dimensional multilayer perceptron networks in the
NeRF architecture results in a view-rendering speed that is
around 190 times slower, which limits its applicability for real-
time rendering.

A few recent works have attempted to overcome these effi-
ciency issues by combining 3D-GS with event data. Reference
[31] proposed a collaborative learning framework for event
depth estimation, event-to-frame reconstruction, and event-
based 3D-GS. However, this approach requires prior features
and outputs from previous depth estimation and frame recon-
struction tasks. The entire training framework also necessitates
ground truth depth maps and frame References, limiting its
usage, especially in scenarios where only event streams are
available. References [32] and [33] proposed a pure event-
based 3D-GS end-to-end method for novel view synthesis.
Nonetheless, the rendering quality was not satisfactory as the
work was mainly designed for synthetic event data, and the
method did not explore different real-world hardware-involved
imaging setups.

C. Radiance Field Rendering With Real-World Data

Motivated by the potential of radiance field rendering and
novel view synthesis, extensive work has been conducted on
real-world datasets. NeRF has been widely applied to real-
world object-level and scene-level rendering [21], [34], [35].
Additionally, NeRF has been utilized in microscopy imaging
settings [36]. Although 3D-GS has not yet been applied to
microscopy and other optical settings, it has been successfully
used for real-world object and scene rendering [3], [37],
[38]. Currently, there has been no research exploring the
application of real-world event data with 3D-GS across various
real-world imaging systems. To address this gap, our work
examines the use of 3D-GS with event data in three different
levels of imaging setups. We conduct both quantitative and
qualitative analyses, and we provide detailed information about
our different hardware setups for real-world data collection.
we hope to provide valuable insights for future research in
this area.

III. METHODOLOGY
A. Preliminary on 3D Gaussian Splatting

3D-GS [3] represents detailed 3D scenes using point clouds,
where Gaussians are used to define the structure of the scene.
Each Gaussian is characterized by a 3D covariance matrix X,
and a central point Xx:

G(x) = ex ! Ty~
- p 2X X), (1)

where the central point x is referred to as the mean value
of the Gaussian. To facilitate differentiable optimization, the
covariance matrix X can be decomposed into a rotation matrix
R and a scaling matrix S:

Y =RSSTRT. 2)
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To generate renderings from different viewpoints, the splat-
ting technique described in [39] is used to project the
Gaussians onto the camera planes. This method, initially
introduced in [40], involves a viewing transformation matrix
W and the Jacobian J of the affine approximation of the
projective transformation. Using these, the covariance matrix
3’ in camera coordinates is given by:

Y =JwzIwyT. 3)

To summarize, each Gaussian point in the model is defined
by several attributes, i.e., its position x € R3, color represented
by spherical harmonics coefficients ¢ € R* (where k denotes
the degrees of freedom), opacity a € R, a rotation quaternion
q € R* and a scaling factor s € R3. For each pixel, the
color and opacity of all Gaussians are computed based on the
Gaussian representation outlined in Equation 1. The blending
process for the color C of N-ordered points overlapping a pixel
follows this formula:

i-1
C= Zc,a,- 1_[(1 - Qj), (4)
=1

ieN J
where ¢; and «a; denote the color and density of a specific
point, respectively. These values are influenced by a Gaussian
with a covariance matrix X, which is subsequently adjusted by
per-point opacity and spherical harmonics color coefficients.

B. Noisy Events as 3D-GS Supervisory Signals

Each event ¢, is described as a tuple (X, %%, pr), which
occurs asynchronously at pixel x; = (xx, yx) at a microsecond
timestamp #;. The polarity p;, € {—1,+1} denotes either an
increase or decrease in the logarithmic brightness L(xy, #;) by
the contrast threshold A. Specifically, an event at time #; is
triggered if the following condition is met:

AL 2 L(X, ty) — L(Xg, tim1) = PiA, (5)

where #;,_; is the timestamp of the previous event at pixel
X;. As we utilize event stream in a unifying way across all
imaging settings and microscopic settings tend to introduce
more noise [41], we apply the y-noise filter from [42] for
preprocessing noisy event. Noise filtering is vital for accurate
view reconstruction [43]. As illustrated in Figure 2, our goal
is to render a radiance field representation using differentiable
3D Gaussian functions under pure event signal supervision
with only the starting frame for camera calibration, without
involving other frame-based data. To achieve this, we need
to convert the ground truth event data into a differentiable
supervisory signal and train a 3D-GS model to render this
representation. Our algorithm generates a rendering result at
tr with camera pose p; the timestamp where the camera is
currently at. With the known initial frame at timestamp ¢, with
camera pose pg, meaning before the camera begins to sweep,
the supervisory signal is formed by accumulating ground truth
event signal between those two timestamps.

For each timestamp #;, we calculate two associated ren-
dering results from the 3D Gaussian model: I, = G(px)
and Iy = G(cy), where I and I, are the rendered grayscale
frames at times #y and #;, respectively, G is the 3D-GS model,
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Fig. 2. Overview of the SweepEvGS pipeline for novel view synthesis. The process begins with capturing a static object or scene using an event camera (a).
The camera captures signals (b) including the initial frame before the sweep starts when static, and the dense event streams representing intensity changes
during the camera sweep. On the one hand, these signals are utilized to form (purple arrow) the ground truth signals for training and supervision, as described
in Sec. III-B. On the other hand, the 3D-GS model, described in Sec. III-A, renders (green arrow) when given the corresponding camera position and pose,
and formalizes (red arrow) the rendered results to predictions. The designed loss supervises the training pipeline, as described in Sec. III-C. Our method
efficiently bridges the gap between sparse event data and dense scene reconstruction, enabling high-quality novel view synthesis.

and p; and py are the camera poses at times fy and #,. We
represent the logarithmic image as L(I;) = log ((I,)g + e),
where € = 1 x 107 (to avoid NaN values), and g denotes a
fixed gamma correction value set to 2.2 across all experiments.
This conforms to the grayscale gamma curve, with Gamma 2.2
serving as the recommended smooth approximation [30], [44].
Consequently, we derive the predicted accumulative difference
Epred = L(lp) — L(Ip).

To utilize event data as a supervisory signal for E .4, fol-
lowing [45], we aggregate the polarities of all events occurring
between the selected times ¢ and 1—w based on their positional
information x;, such that

t+w
Eo= [ exipmae ©)
t
where E,; is the aggregated result.

C. Supervising Events to Radiance Fields

Pure events as input give poor real-world radiance field
rendering results [32]. Since events represent the intensity
changes from previous timestamps, the clear and shaped initial
frame captured by the static camera before the sweep is
valuable knowledge of where the events changed from. Given
a camera pose at a specific time ¢, the 3D-GS model learns and
renders the corresponding frame I, with supervision. Because
the first frame I is known for camera calibration, our task is
to formulate the accumulated difference E,..; between I;, Iy,
and supervise it with the ground truth event E,,. To effectively
supervise E.q from E,, we follow the methods described in
[29], [32], and [46], applying the linlog mapping to derive the
predicted logarithmic brightness difference for both E,.q and
E,. Using a normalized £, loss, the loss L., is calculated
as:

Y (IL@IB - ILe)IR)

i=1 j=1

Levenl(x» }’) = s @)

HxW

where for an arbitrary u:

I(u) x In(B)/B
In (I(w))

if I(u) < B,
otherwise,

1>

L(u) = linlog (I(u)) ¥

where the threshold B delineates the linear region where no
logarithmic mapping is applied. The value of 20 is used for B
in all our experiments. Here, x and y correspond to E,.; and
E,,, respectively.

Additionally, we retained the D-SSIM loss used in the
original 3D-GS approach, as we found that a small coefficient
improves the rendering result. Following previous works, we
calculate the D-SSIM loss as:

(zﬂx,uy + Cl)(za-xy +c2)
W2+ + )02+ 02+ )

©))

Lp_ssim(x,y) =

where 1 is the pixel sample mean, o, is the variance of x, oy,
is the covariance of x and y, ¢; = (k;g)%, and ¢, = (kaq)* are
constants to stabilize the division with a weak denominator.
q is the window range of the pixel values, and k; and k, are
constants. Therefore, the loss function is derived as follows:

L= Eevent(Epreda Egt)

+ A = Lp_ssim(Epred Egi))s (10)
where A is set to 0.1 for all our experiments.

Our supervision method is designed to be robust across var-
ious types of data, including synthetic, real-world macro, and
real-world microimaging data. Introducing the y-noise filter
eliminates interference signals, especially for microimaging
data collected under the microscope. Incorporating normaliza-
tion techniques ensures the loss remains stable across different
imaging conditions. This stability is crucial for maintaining
consistent performance and achieving high-quality rendering
results, regardless of the data source. More ablation studies in
the supplementary materials support our claim.
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Fig. 3. Demonstration of Hardware Setup. (a) Real-world macro camera
system setup for objects with depth: the DAVIS 346C event camera is fixed,
and the object is placed on a fast turntable with known constant speed. The
camera will capture events when there are changes in the view angle from
the object. (b) Real-world macro camera system setup for plain objects: the
DAVIS 346C event camera is placed on a translation station that enables
horizontal linear movements in both red and blue directions. (¢) Real-world
microscopic camera system setup: the DAVIS 346C event camera is placed
on a widefield microscope that enables horizontal linear movements in both
red and blue directions. The camera will capture events and frames from the
object placed on the observation plate.

IV. EXPERIMENTS

A. Overview

This subsection provides an overview and structural layout
of our experiments. Here, we briefly introduce the experiment
setups. Experiments are conducted in three different imaging
settings to demonstrate the robustness of our approach: 1) real-
world macro-level sequences, 2) real-world microscopic-level
sequences, and 3) synthetic sequences.

All real-world data were captured using the DAVIS 346C
event camera. For real-world macro sequences, we introduce
two types of imaging systems for different scenarios. For
objects that involve depth information (such as a Lego toy
and an optical component), we fixed the event camera, and
“swept” the objects using a fast turntable with a known
constant speed, shown in Figure 3(a), to generate accurate
camera poses and coordinates. For objects that are plain (such
as a keyboard and a cloth), we mounted the event camera on
a horizontal translation stage, shown in Figure 3(b), allowing
linear movement at a constant speed to generate accurate
camera poses and coordinates. For quantitative comparison,
we captured two sets of data for each sequence: (1) a fast
sweep (high-speed mode) to capture the event stream and
RGB frames generated by the DAVIS 346C camera, and (2)
a slow sweep (low-speed mode) to capture clear and sharp
RGB frames used as ground truth references, since the fast
sweep results in blurry RGB frames unsuitable for quantitative
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comparison. We aligned the time correspondence between
these datasets to accurately calculate quantitative metrics.

For the real-world microscopic-level imaging setup, we
deployed the DAVIS 346C camera on a microscope station,
using the station’s mobility control to “sweep” the object
horizontally or vertically. Due to manual control of the object’s
movement, we collect the event stream and RGB frames under
a fast sweep and clear and sharp RGB frames under a slow
sweep with a static frame capturing process to collect the
RGB ground truth references. We then manually paired the
fast-slow data as in the other setups. Thus, we could also
compare the visual rendering quality between the rendered
result and a reference image of the object taken statically
under quantitative metrics. Figure 3 shows a photograph of
the setup, and detailed hardware information will be presented
in Sec. IV-B.

For the synthetic sequences, we used 3D models from [21]
to simulate the sweep process of a camera in a real-world
setting. Each scene was captured by sweeping the camera
90 degrees around the object, resulting in 250 RGB images,
which were then converted to grayscale. An event stream was
generated from these images using the model from [47], and
we applied the corresponding camera intrinsic and extrinsic in
our approach.

The rendering results of different approaches are evalu-
ated using the peak signal-to-noise ratio (PSNR) and the
structural similarity index measure (SSIM). PSNR assesses
signal fidelity by comparing the maximum signal power to
noise power, while SSIM evaluates image similarity based
on luminance, contrast, and structure. These metrics provide
quantitative insights into the quality and fidelity of the ren-
dered images.

While the above provides an overview of the experiment
setup, detailed hardware information and implementation
details of the algorithm will be presented in Sec. IV-B and
Sec. IV-C. The results of the three types of experiments
mentioned will be presented in Sec. IV-D, Sec. IV-E, and
Sec. IV-F. We also conduct an ablation study in
Subsection IV-G to demonstrate the necessity and effectiveness
of our method design. Last, qualitative analysis of the methods
and results will be presented in Sec. IV-H.

B. Hardware Detailed Information

This subsection presents the detailed hardware information
used in the real-world data collection phase to contribute to
future research. A video is included as supplementary material
to demonstrate the hardware setups used in this paper.

e Event Camera: Shown in Figure 3 (a), in all real-world

experiments, we use DAVIS 346 Colorful event camera,
a state-of-the-art imaging device designed to capture
event stream and frame data. With a frame resolution of
346 pixels by 260 pixels, this camera offers a detailed
view of the environment. One of the key features of the
DAVIS 346 C is that it can react to events in the scene
with microsecond precision. This makes it particularly
effective for capturing fast-moving objects and dynamic
events that would typically be blurred or missed by
conventional cameras.
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e Translation Stage: Shown in Figure 3 (b), in real-
world macro experiments, we use WNMC400 motion
controller to provide precise camera trajectory control.
The WNMC400 motion controller is a compact and
high-performance device designed for precise control of
industrial automation systems. It offers robust motion
control capabilities with features such as trajectory plan-
ning, electronic gearing, and synchronization, making it
ideal for applications requiring accurate and coordinated
motion. With its unique and precise control, we set the
speed of the fast motion (input only) to 8 times faster than
the speed of the slow motion (ground truth only). The
known trajectory and speed relationship makes it easy
for us to generate precise global coordinates and frame
correspondence needed for metric computation.

e Microscope: Shown in Figure 3 (c), in real-world micro-
scopic experiments, we use Nikon Model ECLIPSE Ni-U
Microscopy equipment to observe microscopic data. The
Nikon Model ECLIPSE Ni-U is an advanced research-
grade microscope known for its exceptional optical
performance and ergonomic design. In the context of
microscopy, minor shifts in the specimen or the camera
can lead to considerable displacement. Such movements
can render frame-based cameras ineffective, producing
blurred images. Consequently, this constraint impedes
conventional radiance field rendering techniques from
accurately reconstructing clear and detailed textural infor-
mation within microscopic environments. We manually
control the movement of objects using the microscope
with linear movement, making it easy to generate global
coordinates. However, we did not find a way to provide
precise control of the speed like the macro setup, there-
fore, we manually aligned the fast sweep frame and the
slow sweep ground truth frame to compute quantitative
metrics.

C. Implementation Details

Our implementation is based on the 3D-GS codebase [3],
utilizing its core structure and functionalities. The project
was built using Python and CUDA toolkit [48]. Since
3D-GS requires a point cloud as input, we initialize 10° points
randomly to form the initial point cloud, as the structure-
from-motion initialization [6] used in the original model is
not suitable for event data. All experiments were performed
on an NVIDIA RTX 3090 GPU.

We adhered to specific hyperparameter settings for per-
formance and optimization. The total number of training
iterations was set to 50,000. For position optimization, the
initial and final learning rates were 1.6 x 10™* and 1.6 x 1076,
respectively. The learning rates for feature, opacity, scal-
ing, and rotation optimization were 2.5 x 1073, 5 x 1072,
5x 1073, and 1 x 1073, respectively. Densification parameters
included a percent density of 0.01, a densification interval of
100 iterations, and densification occurring between iterations
500 and 50, 000, triggered by a gradient threshold of 2 x 107*.
The opacity was reset every 3,000 iterations. These settings
were chosen from the default 3D-GS settings to balance
training stability and performance.
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TABLE 1
QUANTITATIVE COMPARISON ON REAL-WORLD SEQUENCES.
THE ToP TWO RESULTS ARE MARKED WITH BOLD (1ST)
AND UNDERLINE (2ND)
Metric ‘ PSNRT  SSIMT  Training Timel FPST  Memoryl
Scene Toy House
3D-GS 23.8 0.80 7min 80.2 3GB
EventNeRF 24.8 0.88 14h 0.30 15GB
Ev-GS 19.2 0.68 10min 59.7 5GB
Event-3DGS 26.7 0.85 15min 552 7GB
Ours 28.7 0.90 9min 62.7 5GB
Scene Optical Component
3D-GS 20.1 0.83 7min 80.9 3GB
EventNeRF 24.1 0.81 14h 0.33 15GB
Ev-GS 20.2 0.70 10min 553 5GB
Event-3DGS 25.8 0.82 15min 53.0 7GB
Ours 26.3 0.87 9min 63.0 5GB
Scene Keyboard
3D-GS 253 0.86 7min 81.3 3GB
EventNeRF 25.0 0.84 14h 0.32 15GB
Ev-GS 13.6 0.60 10min 61.2 5GB
Event-3DGS 25.2 0.79 15min 57.0 7GB
Ours 30.5 0.92 9min 62.3 5GB
Scene Cloth
3D-GS 24.1 0.81 7min 81.8 3GB
EventNeRF 25.5 0.86 14h 0.32 15GB
Ev-GS 11.6 0.58 10min 559 5GB
Event-3DGS 26.4 0.77 15min 53.2 7GB
Ours 31.1 0.94 9min 61.3 5GB

D. Real-World Macro Sequences

In this experiment, we demonstrate the efficacy of our
rendering method compared to others in real-world macro
sequences. Due to the fast sweep during the imaging and data
collection process, the captured frames are blurred. Training
with blurred and low-quality frames, Traditional 3D-GS strug-
gles, leading to blurred and indistinct renderings, as shown in
part (b) in Figure 4. Existing event-based approaches such
as EventNeRF [30], Ev-GS [32], and Event-3DGS [33], on
the other hand, are mainly designed for synthetic event data.
Therefore, when dealing with real-world event streams that
are noisy and with more randomness, they failed to produce
high-quality radiance fields and rendering results, shown in
parts (c, d, and e) in Figure 4. Our method, however, utilizes
the captured event streams and the first static frame at the
initial position of the camera. Event streams are, in nature,
less sensitive to lighting changes. Therefore, with our designed
approach, we can produce sharp and clear rendering results,
as shown in sub-figure (f) in Figure 4. Our method shows
a sharp rendering result with clear details and semantics.
The quantitative comparison of rendering results is shown in
Table I. Our method addresses the limitations of traditional
3D-GS and challenges faced by existing event-based radiance
field approaches. The results demonstrate that our approach
not only preserves but enhances the clarity and detail of the
rendered images, providing a robust solution for real-world
applications.

E. Real-World Microscopic Sequences

In microscopy settings, as demonstrated in Figure 3 part (b),
even small movements of the scene or camera can cause sig-
nificant displacements, resulting in blurry imaging when using
frame-based cameras. This limitation often hampers traditional
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(a) Captured Frames (b) 3DGS (c) Event-NeRF (d) Ev-GS (e) Event-3DGS (f) Ours (g) Ground Truth

Optical Comp Toy House

Keyboard

Fig. 4. A visual comparison of our approach against others on real-world datasets: the captured frames (a) from traditional frame-based camera results in
motion blur; using traditional frame-based radiance field approach, such as 3D-GS (b) produce blurred radiance field reconstruction and view rendering;
event-based NeRF approach (c), time and resource consuming while still produce accurate rendering results; further, existing event-based GS approaches
(d and e) failed on real captured data as more noise and randomness are introduced in event streams; our approach (f), leveraging the proposed multi-modal
data utilization and supervision, renders sharp and accurate results compared to the ground truth references (g). We visually compare the results across all
methods on real-world macro sequences (toy, optical component, keyboard, and cloth) captured by hardware in Figure 3(a) and Figure 3(b); and also on
real-world microscopy sequences captured by hardware in Figure 3(c). Dotted boxes indicate areas of interest, and the solid line boxes reveal zoomed results.

TABLE II while keeping a balanced efficiency in training and rendering.
QUANTITATIVE COMPARISON ON REAL-WORLD MICROSCOPY As shown in the right part of Figure 4, we present visual
SEQUENCES. THE TOP TWO RESULTS ARE MARKED comparisons between our approach, Frame-Based 3D-GS, and
WITH BOLD (1ST) AND UNDERLINE (2ND) .. .
E— existing event-based radiance field approaches.
Metric | PSNRT _ SSIMf _ Training Time] _ FPST__ Memory] We provide a visualization of different view angles from
Scene Onion different samples across different imaging setups in Figure 5.
3D-GS 2338 0.80 7min 802 3GB a1 . :
EventNeRF | 248 088 b 030 saB To demonstrate the capgblllty of novel view synthesm? we
Ev-GS 8.6 0.55 10min 62.0 5GB randomly add a small displacement on the input coordinate
Event-3DGS | 189 075 15min 57.0 7GB : : et :
Ours 287 0.90 o o sGp (k.lorlz.ontal and vertical directions) .to simulate unseen camera
Soons Fly directions and render the unseen view based on these unseen
3D-GS 20.1 0.83 7min 80.9 3GB coordinates.
EventNeRF 24.1 0.81 14h 0.33 15GB
Ev-GS 9.8 0.55 10min 60.0 5GB
Event-3DGS | 24.1 0.82 15min 55.0 7GB E Synthetic S
Ours 263 087 9min 630  5GB - Synihenic sequences

As previously mentioned, we evaluated synthetic sequences
sourced from [21], which include various scenes such as
radiance field rendering methods from reconstructing sharp c.hairs, hot quS’ ﬁ_CUS’ and mic. Table III presents a qualntita-
and meaningful textural information in microscopy settings. tive comparison with EventNeRF [30] and Ev-GS [32]." Our
In contrast, our approach leverages event streams for radi- method demonstrates significant advantages over EventNeRF
ance field rendering, making it particularly suitable for such ~Aacross these scenes. Specifically, in terms of PSNR and SSIM,
challenging microscopy settings. The quantitative comparison . i )

1 h in Table II d h d hioh Comparison methods are evaluated with 360-degree data and the score
resu .ts are shown l'n able 11, a.n our approach renders nigh- ;g reported from the original paper, whereas our approach is evaluated on
quality reconstruction results with decent PSNR, SSIM scores,  90-degree data to replicate the sweep.
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Fig. 5. More visualization of the rendered results on objects from different imaging settings. The top two rows are synthetic data. The middle four rows are
real-world macro objects. The bottom two rows are real-world objects captured under the microscope. We showcase the rendering results from different view
perspectives for each object. We also demonstrate the rendered results on unseen views of the keyboard and cloth data. This also showcases that our approach

is able to reconstruct sharp unseen views with clear semantic information.

as shown in Table III, our approach consistently achieves
higher values, indicating superior reconstruction fidelity and
better structural similarity between the reconstructed and
ground truth images. Notably, our method also boasts signif-
icantly reduced training times, requiring only approximately
10 minutes compared to EventNeRF’s 14 hours for all scenes.
This accelerated training time enables more efficient model

development and experimentation. Moreover, our method
achieves a higher temporal resolution of around 60 fps,
compared to EventNeRF’s 0.32 fps. This high frame rate is
crucial for smooth visual experiences, reducing motion sick-
ness and enhancing productivity and competitiveness. Lastly,
our method consumes less memory during the rendering stage,
utilizing only 5 GB compared to EventNeRF’s 15 GB, which
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TABLE III

QUANTITATIVE COMPARISON AGAINST EVENT-NERF [30]
AND EV-GS [32] ON SYNTHETIC SEQUENCES

Metric [ PSNRT  SSIMT  Training Time] FPST  Memoryl
Scene Chair

EventNeRF 25.6 0.91 14h 0.32 15GB
Ev-GS 28.1 0.93 9min 53.1 5GB
Ours 31.7 0.94 8min 65.7 5GB
Scene Ficus

EventNeRF 27.1 0.91 14h 0.33 15GB
Ev-GS 28.1 0.92 9min 63.0 5GB
Ours 29.1 0.93 8min 65.9 5GB
Scene Hotdog

EventNeRF 26.0 0.92 14h 0.32 15GB
Ev-GS 25.7 0.93 12min 55.3 5GB
Ours 29.3 0.94 8min 65.3 5GB
Scene Mic

EventNeRF 25.0 0.91 14h 0.32 15GB
Ev-GS 24.5 0.92 11min 66.0 5GB
Ours 27.5 0.93 8min 64.0 5GB

(b) Ours (¢) Ground Truth

(a) Event-NeRF

4

Chair

Fig. 6. Visual Comparison between our approach and [30].

is advantageous for memory-constrained environments and
facilitates scalability.

Qualitatively, we further compare visual results for two
sequences. As shown in Figure 6, our Ev-GS effectively
captures view-dependent effects, structures, and intensity in
the frames compared to previous methods.

G. Ablation Study

1) End-to-End Against Two Stages: To assess the neces-
sity and effectiveness of our proposed end-to-end design,
we conducted an ablation study. Specifically, we compared
our rendering results to a two-stage baseline approach: first
converting event data to frame data using E2VID [49] and
then applying 3D-GS for rendering. Table IV summarizes the
quantitative evaluation results for two different scenes, Chair

IEEE TRANSACTIONS ON CIRCUITS AND SYSTEMS FOR VIDEO TECHNOLOGY, VOL. 35, NO. 12, DECEMBER 2025

(b) Ours (¢) Ground Truth

(a) E2VID+3DGS

Synthesized
Data

Real-World
Data

Fig. 7. Visual Comparison between our end-to-end approach and Two-Stage
baseline. (a) Use E2VID [49] to generate training frames for 3D-GS; (b) the
rendered results of our end-to-end approach; (c) the ground truth frame. We
showcase this on both synthetic data and real-world data.

TABLE IV

ABLATION STUDY ON OUR END-TO-END APPROACH AGAINST THE
TwO-STAGE BASELINE OF USING [49] PLUS 3D-GS. BOTH
EVALUATION METRICS INDICATES THAT OUR END-TO-END
APPROACH IS MORE EFFECTIVE AND NECESSARY FOR
TRAINING AND RENDERING ACROSS BOTH
SYNTHESIZED AND REAL-WORLD DATA

Scene Synthesized Real-World
Criteria | Metric | PSNRT ~ SSIMT | PSNRT  SSIMT
E2VID+3D-GS 15.2 0.72 13.2 0.68

Ours 29.4 0.94 29.2 0.91

and Ficus, based on PSNR and SSIM metrics. As shown
in Table IV, our end-to-end design consistently outperforms
the two-stage E2VID+3D-GS approach across both scenes
and evaluation criteria. The limitations of the E2VID model
become apparent when confronted with frames unseen during
training. Since E2VID relies on the frames it was trained on,
its intermediate results may become inaccurate when presented
with novel frames. This inaccuracy propagates through the
subsequent 3D-GS stage, resulting in poorer rendering quality,
as illustrated in Figure 7. These results underscore the neces-
sity and effectiveness of our end-to-end design, seamlessly
integrating event-based video input processing with 3D-GS
reconstruction. This integration leads to significantly improved
reconstruction quality and fidelity compared to the two-stage
approach.

2) How Event Noise Affects Radiance Field Reconstruc-
tion: Designing an approach that is robust across different
real-world imaging settings is not trivial. Different hardware
imaging systems introduce various challenges due to their
unique characteristics and limitations. For instance, real-world
macro imaging settings might deal with varying lighting con-
ditions, while microscopy imaging settings often face higher
levels of noise [41]. These variations make it difficult to
maintain consistent performance across different scenarios. To
address these challenges, we introduced the y-noise filter [42]
to eliminate event noise. This simple yet effective modification
enhanced the overall performance of our method.

In our experiments, we compared the performance of our
method with and without the noise filter. Qualitatively, the
input event is more clean on noncritical regions, indicated
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w/o noise filter

w/ noise filter

Fig. 8. Visual comparison between noise-filtered events (left) and raw events
captured (right). Raw events, especially triggered under different imaging
settings, contain different noise and randomness patterns. To adapt Sweep-
EvGS for data from different settings, noise is needed to be filtered and
balanced.

TABLE V

IMPACT OF NOISE FILTERING ON THE RENDERING PERFORMANCE FOR
SYNTHETIC AND REAL-WORLD DATA. INCORPORATING A NOISE
FILTER SIGNIFICANTLY IMPROVES BOTH
PSNR AND SSIM VALUES

Metric [ PSNR?T SSIM?T
Data Type Synthetic
w/o filter 27.8 0.90
w noise filter 29.4 0.94
Data Type Real-World
w/o filter 26.9 0.88
w noise filter 29.2 091

by Figure 8. An input event stream with less noise leads
to better reconstruction of radiance field representations. The
quantitative results are summarized in Table V. The metrics
used for evaluation are the Peak Signal-to-Noise Ratio (PSNR)
and Structural Similarity Index (SSIM), both of which are
standard measures for assessing image quality. The results
indicate that incorporating a noise filter significantly improves
the rendering performance. For synthetic data, the PSNR
increased from 27.8 to 29.4, and the SSIM improved from
0.90 to 0.94. Similarly, the PSNR increased from 26.9 to 29.2
for real-world data, and the SSIM improved from 0.88 to
0.91. These improvements highlight the effectiveness of our
approach in enhancing the quality of the rendered radiance
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TABLE VI

QUANTITATIVE COMPARISON OF RENDERING PERFORMANCE USING
TRADITIONAL MSE L0OSS VERSUS OUR PROPOSED L0OSS FUNCTION.
OUR LOSS FUNCTION SIGNIFICANTLY IMPROVES PSNR AND SSIM
METRICS FOR BOTH SYNTHETIC AND REAL-WORLD DATA

Metric [ PSNRT SSIMT
Data Type Synthetic
MSE Loss 252 0.78
Our Loss 29.4 0.94
Data Type Real-World
MSE Loss 25.7 0.81
Our Loss 29.2 0.91

fields, thereby making our method more robust across different
types of data.

3) Robust Loss Function Across Various Real-World Imag-
ing Settings: In this ablation study, we compare the
performance of our proposed loss function against the tra-
ditional Mean Squared Error (MSE) loss. Our loss function
incorporates a more sophisticated approach to supervising the
rendering process. Incorporating normalization techniques into
our loss function is essential for maintaining stability across
various imaging conditions. Normalization helps to mitigate
the impact of differing data distributions and scaling effects,
ensuring that the loss function behaves consistently regardless
of the specific imaging environment. This stability is particu-
larly important for preserving the quality of rendering results,
as it allows the model to perform reliably and effectively across
diverse data sources and imaging settings. By stabilizing
the loss, our approach ensures that high-quality results are
achieved consistently, whether the data comes from synthetic
or real-world imaging scenarios. In contrast, the traditional
MSE loss focuses solely on minimizing the pixel-wise squared
differences between predicted and ground truth images. This
simple metric often fails to capture structural and perceptual
nuances, which can result in lower visual quality.

Table VI summarizes the quantitative comparison between
our loss function and the traditional MSE loss for both
synthetic and real-world data. As illustrated, our loss function
outperforms the MSE loss significantly. For synthetic data, the
PSNR improves from 25.2 to 29.4 and the SSIM from 0.78 to
0.94. Similarly, for real-world data, the PSNR increases from
25.7 to 29.2 and the SSIM from 0.81 to 0.91. These results
highlight the effectiveness of our loss function in capturing and
preserving important visual and structural details, leading to
higher rendering quality compared to the traditional MSE loss.
The improved performance underscores the advantages of our
approach in producing more accurate and visually appealing
results.

H. Qualitative Analysis

As shown above, we provide rendering results of different
kinds of sequences, demonstrating the different capabilities of
our approach. Here, we provide more detailed analyses of the
unique capability of our approach.

e Reconstruction of Sharpe Frames: The first sequence

involves a toy house. Traditional frame-based cameras
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capture blurred frames under fast camera movements,
leading the traditional 3D-GS method to learn and render
significant blurring, making it difficult to discern the
object’s details, as shown in the Toy House sequence
in Figure 4. In contrast, our method effectively uses
the event stream data to reconstruct a sharp and well-
defined image of the toy house. This highlights our
method’s capability to maintain clarity and detail, even
in challenging imaging environments.

e Reconstruction of Challenging Surface Materials: The
second sequence, shown in the introduction of the main
text, showcases an optical component with vitric material
that is reflective of lights. Traditional methods often
struggle to capture the true geometry and appearance
of reflective objects accurately. However, our approach
excels in rendering these difficult materials, producing
clear and accurate reconstructions.

e Reconstruction of Semantic Information: The third
sequence, shown in the Keyboard sequence in Figure 4,
is the classical keyboard scene. We demonstrate this
challenging sequence to showcase that our method is
not only capable of reconstructing texture information
but, compared to existing methods, is also more capable
of reconstructing semantic information with clear and
detailed visual quality.

e Reconstruction of Complex Texture: The fourth
sequence, shown in Figure 5, presents a cloth with
complex textures. Our approach provides a high-fidelity
reconstruction that is particularly challenging for event-
based radius field rendering. Unlike conventional methods
that may smooth over fine details, our method retains the
rich detail and variability inherent in such textures. This
capability is crucial for rendering applications in any field
requiring accurate representation of complex patterns and
materials.

V. CONCLUSION AND DISCUSSION

This paper introduces SweepEvGS, a novel method for
robust and accurate novel view synthesis using an event cam-
era. By harnessing the unique advantages of event cameras,
SweepEvGS surpasses the limitations of traditional meth-
ods that rely on dense and high-quality training frames. It
enables efficient novel view synthesis across various imaging
settings with minimal data collection requirements. Exper-
imental results demonstrate that SweepEvGS outperforms
existing methods in terms of visual rendering quality, render-
ing speed, and computational efficiency across synthetic data,
real-world scenarios, and microscopy settings. By leveraging
event streams, SweepEvGS achieves sharper and clearer recon-
structions, highlighting its effectiveness in challenging imaging
environments. Overall, SweepEvGS represents a significant
advancement in novel view synthesis techniques, offering prac-
tical solutions for dynamic and varied imaging applications.

VI. LIMITATIONS AND FUTURE WORK

Although SweepEvGS has shown effectiveness in novel
view synthesis across different imaging setups with high

IEEE TRANSACTIONS ON CIRCUITS AND SYSTEMS FOR VIDEO TECHNOLOGY, VOL. 35, NO. 12, DECEMBER 2025

efficiency, the data collection process is less adaptable. This
limitation arises from the reliance on precise camera pose
and extrinsic coordinate information for 3D-GS methods. Cur-
rently, our real data collection can be performed on machines
that can transform the event camera with a known trajectory
and speed, making it possible and easy to simulate coordinates.
However, an ideal industrial-level algorithm should enable
sweeps to be performed by human hands, with flexibility
in trajectory and speed, while still producing high-quality
view synthesis and reconstruction. A straightforward approach
might be to utilize event-based stereo vision to generate coor-
dinates, thereby making the process independent of specific
hardware configurations. Future work could focus on further
refining this technology to achieve the goal of a flexible, high-
quality view synthesis and reconstruction system that is not
tied to a particular hardware setup.
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