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Event-Aided Sharp Radiance Field
Reconstruction for Fast-Flying Drones
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Fig. 1: Our system recovers sharp geometry and texture from footage captured by a drone flying at 2 m/s, learning a neural
radiance field directly from motion-blurred images and event data collected during flight (top). Without relying on ground-
truth poses or external motion capture, it refines the drone’s trajectory during training, starting from a rough visual-inertial
odometry prior. Once optimized, the model can render photorealistic views from novel perspectives (bottom), paving the way

for high-speed, vision-based inspection tasks in agile robotics.

Abstract—Fast-flying aerial robots promise rapid inspection
under limited battery constraints, with direct applications in
infrastructure inspection, terrain exploration, and search and
rescue. However, high speeds lead to severe motion blur in images
and induce significant drift and noise in pose estimates, making
dense 3D reconstruction with Neural Radiance Fields (NeRFs)
particularly challenging due to their high sensitivity to such
degradations. In this work, we present a unified framework that
leverages asynchronous event streams alongside motion-blurred
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frames to reconstruct high-fidelity radiance fields from agile
drone flights. By embedding event-image fusion into NeRF opti-
mization and jointly refining event-based visual-inertial odometry
priors using both event and frame modalities, our method
recovers sharp radiance fields and accurate camera trajectories
without ground-truth supervision. We validate our approach on
both synthetic data and real-world sequences captured by a
fast-flying drone. Despite highly dynamic drone flights, where
RGB frames are severely degraded by motion blur and pose
priors become unreliable, our method reconstructs high-fidelity
radiance fields and preserves fine scene details, delivering a
performance gain of over 50% on real-world data compared
to state-of-the-art methods.

MULTIMEDIA MATERIALS

Video of experiments: https://youtu.be/dVaHOVVXhQc
Code: https://github.com/uzh-rpg/event-sharp-nerf-drones
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I. INTRODUCTION

OBOTIC systems operating in the real world often face

a fundamental trade-off between sensing quality and
operational efficiency. In particular, fast-flying aerial robots are
essential for tasks such as large-scale infrastructure inspection
(e.g., powerlines, pipelines, or railways), time-constrained
terrain exploration, large-area agricultural and forestry surveys,
or search and rescue. In these applications, flying faster en-
ables a larger area to be covered within narrow time windows
and under a limited battery budget, which is crucial for
maximizing mission efficiency [1]. At low speeds, energy is
wasted in maintaining lift without making significant progress,
while high-speed flight introduces aerodynamic drag. Striking
the right balance can lead to shorter mission durations, fewer
battery replacements, and more effective deployment in time-
sensitive settings.

However, increasing flight speed makes high-fidelity percep-
tion significantly more challenging. Motion blur corrupts vi-
sual data, while fast dynamics degrade the accuracy of visual-
inertial odometry, limiting the performance of downstream
tasks such as 3D reconstruction and scene understanding.
These limitations pose a challenge for generating dense, photo-
realistic 3D models, crucial for map-based planning, semantic
reasoning, and safe navigation.

Recent advances in learning-based scene representations,
such as Neural Radiance Fields (NeRFs) [2] and 3D Gaussian
Splatting [3]], have shown great promise for view-consistent
reconstruction from sparse camera views. These methods
have rapidly found applications in robotics for localization,
mapping, and visual simulation. However, they rely on two
core assumptions: that input images are free of motion blur,
and that accurate camera poses are available. In the context
of fast-flying drones, neither of these assumptions holds. As
a result, radiance field learning under fast motion remains
largely an unsolved problem.

Prior works [4]|-[7] have attempted to bridge this gap by
leveraging event cameras, which offer high temporal resolu-
tion and robustness to motion blur, making them well-suited
for high-speed scenarios. These methods typically aim to
recover sharp images and accurate poses from events, via
model-based [[8] or learning-based [9] deblurring approaches.
Once deblurred, images are passed to off-the-shelf structure-
from-motion tools like COLMAP [10] to recover camera
poses for NeRF training. However, under fast motion, these
pipelines degrade significantly. Model-based methods often
rely on simplified sensor dynamics and can fail under fast
motion dynamics or sensor noise. Meanwhile, learning-based
approaches may hallucinate inconsistent image content across
views, leading to poor pose estimates. Furthermore, by relying
solely on reconstructed images for pose estimation, these
approaches miss the opportunity to directly incorporate the
continuous, high-frequency information available in the event
stream.

In this work, we address these limitations by proposing
a unified framework for sharp radiance field reconstruction
tailored to fast-flying drones operating under noisy pose
conditions. Our method integrates motion-blurred images and

asynchronous event data using a shared, learnable camera
trajectory module, drawing on a continuous-time formulation
[11]. We show that this representation enables joint modeling
of event-based trajectories and approximation of the motion
blur formation process, allowing both events and frames to
supervise each other during training. Unlike previous ap-
proaches that treat event and image poses separately [[12], our
formulation refines a single, shared trajectory initialized using
event-based visual-inertial odometry. This allows our system to
recover accurate scene structure and motion without requiring
ground-truth trajectories or slow, offline preprocessing.

We validate our method on synthetic and real-world drone
sequences featuring fast flight and challenging motion profiles.
To support reproducibility and benchmarking, we introduce the
first drone dataset for radiance field reconstruction under fast
motion, featuring synchronized motion-blurred RGB images
and event data captured with a beamsplitter-based setup. Our
results show that the proposed method achieves high-fidelity
reconstructions even when initialized with noisy pose priors,
significantly outperforming existing NeRF-based deblurring
baselines on real drone data.

Our contributions are:

A NeRF-based framework for radiance field reconstruc-
tion in high-speed robotic settings, capable of recovering
sharp, photorealistic scene representations from motion-
blurred images and asynchronous event data. By exploit-
ing the complementary strengths of both modalities, the
proposed framework enables high-fidelity mapping even
under agile maneuvers. Our method delivers a perfor-
mance gain of more than 50% on real-world data captured
by a fast-flying drone, significantly outperforming state-
of-the-art approaches.

A continuous-time, shared trajectory formulation that uni-
fies pose refinement and motion blur modeling within a
single optimization process. Our approach allows mutual
supervision between events and frames during training,
and improves initial event-based visual-inertial odometry
priors, leading to more robust and consistent reconstruc-
tions under fast motion.

A real-world demonstration of our approach on data
captured by a custom aerial platform equipped with
a beamsplitter-based sensor rig featuring hardware-
synchronized RGB and event cameras. The collected data
are post-processed offline to demonstrate the method’s
performance under high-speed flight conditions up to 2
m/s. Accurate ground-truth poses provided by a motion
capture system are used for evaluation. We release the
dataset and code to support reproducible research in high-
speed, event-driven scene reconstruction for robotics.

II. RELATED WORK

Learning 3D Reconstruction under Motion Blur. Neural
3D scene representations, such as Neural Radiance Fields
(NeRFs) [2] and 3D Gaussian Splatting (3DGS) [3], have
become powerful tools for novel view synthesis and dense
scene reconstruction. Their success in recovering geometry
and appearance from sparse multi-view imagery has led to



growing interest in robotics applications [13]-[15]. Whileevent-based Gaussian Splatting by combining learned depth
early methods assumed clean, well-calibrated inputs and @gtimation, intensity reconstruction, and Gaussian regression
erated of ine, later work introduced faster optimizatign [16]-for direct geometry prediction from events. Building on these
[19], support for dynamic scengs [20], [21], and robustness approaches, our method introduces motion-blurred images as
pose noise| [22]+[24]. an additional source of supervision, allowing for more precise

In line with these efforts, a particularly active area of reJeometry reconstruction and the recovery of colored textures.

search focuses on extending these methods to recover accuséi@p 3D from Events and Blurred Frames. Given the

3D geometry from motion-blurred images. Deblur-NeRF [23juccess of event cameras in 3D reconstruction under fast
addresses this by jointly estimating a latent sharp radian@@tion, recent work has explored combining asynchronous
eld and a learned view-dependent blur model. PDRF| [263vents with motion-blurred RGB frames to enable sharper and
introduces coarse-to- ne estimation using proxy geometriore robust neural scene reconstruction. By fusing the high
while DP-NeRF [[27] constrains motion to lie in rigid subtemporal precision of events with the rich appearance informa-
spaces. BAD-NeRF [28] takes a more geometric approadion in blurred images, these methods aim to recover accurate
recovering camera motion during exposure via photometgeometry and texture even in challenging dynamic conditions.
bundle adjustment. This direction has also been explored in fhedNeRF [42] demonstrates that combining events with blurry
context of 3D Gaussian Splatting. Deblur-GS|[29] and BADmages can already reduce motion blur in NeRF reconstruc-
Gaussiang| [30] adapt NeRF-style joint optimization to 3DG®ns, while E2NeRF[[43] takes a step further by explicitly
by modeling image formation under motion blur and re ningnodeling the blur formation process during training, leading
both camera trajectories and Gaussian parameters. BAGS [®1$harper textures and more accurate color reconstruction. Ev-
extends this by introducing a Blur Proposal Network thd®eblurNeRF [[12] further re nes this setup by incorporating
estimates dense per-pixel blur kernels and a mask identifyingtwork enhancements from PDRF [26] and DP-NeRF [27],
sharp regions, enabling robust reconstruction under spatialj¢ent-wise supervision, a learnable response function, and
varying blur. Gaussian Splatting on the Move |[32] furthemodel-based priors. Inspired by these NeRF-based approaches,
extends this line of work to rolling shutter settings, leveragingcent methods extend similar ideas to 3D Gaussian Splatting.
visual-inertial odometry within a differentiable 3DGS pipelineE2GS [5] adopts a Deblur-GS-style [29] pipeline, using event-
Despite these improvements, these methods remain sensifi@gged deblurred images and COLMAP [10] poses for Gaussian
to the quality of input poses and struggle when all traininigitialization. In contrast, Event3DGS [40] uses an iterative
views are similarly affected by fast motion. In mobile roboticstrategy that rst reconstructs geometry using events alone and
scenarios—particularly onboard drones—such motion pattethen re nes appearance from blurry images in a second stage,
are common and unavoidable. Moreover, these methods reftimizing only color.

exclusively on RGB images, which are inherently limited by Despite these advances, most existing methods rely on pre-
blur and low temporal resolution. deblurred images or external structure-from-motion pipelines

) such as COLMAP [10], to estimate camera poses. These
Event-Based Neural 3D Reconstruction. Event camerasynnroaches are not only slow but also brittle under fast

offer an alt_ernative sensing modality for robotics app'icatio_’}ﬁotion—event-based deblurring can fail with unmodeled dy-
such as visual odometry, SLAM, and scene reconstructigi mics, and pose estimates may drift due to inconsistent image
[33], [34], particularly in fast and challenging environments.gntent, To overcome this, we initialize the trajectory using
Unlike conventional cameras that capture full intensity images,ea|-time event-based visual-inertial odometry system [33],
at xed rates, event sensors asynchronously report per-pixglyiging expensive camera estimation. We then re ne this
brightness changes_ at microsecond r_esolutloh. This e”atﬂ%?ectory during training through joint optimization, where
low-latency perception, naturally avoids motion blur, andqi piyrry images and events supervise a shared, learnable
performs reliably under challenging lighting conditions. Thesg,se This enables consistent alignment across modalities and
advantages have led to growing interest in incorporating evets rate radiance eld reconstruction from noisy priors, while
into neural 3D reconstruction frameworks, including bot\z]..l”y exploiting the high temporal resolution of events, which

NeRF and Gaussian Splatting approaches, with the potenfialcial for robust mapping in high-speed robotics scenarios.
to enable accurate scene reconstruction under fast motion.

Ev-NeRF [35] and EventNeRF [36] demonstrate that events

alone can supervise the reconstruction of a static scene, using

the event generation model [37] as a supervisory signal. . METHOD

Robust e-NeRF|[38] adds supervision through a normalizedwe aim to reconstruct a latent, sharp radiance eld of a
gradient loss to improve robustness to pose variation. EveBfatic scene from visual data captured during fast ight. In
based 3DGS methods have recently emerged as an alternag¥gticular, given input observations fl, E, Mg corresponding
EV-GS [39] adopts a fully event-based pipeline, initializingo a sequence of motion-blurred RGB frames | = f@rgiN:Il ;
Gaussians from randomly sampled scene points. Event3D&synchronous events E =Jf§jN:f , and inertial measurements
[4Q] acgumulgtg; gvents based on scene entriopy and uses tnpgnf(a Lol k;tk)gl;l:Ml captured from a moving camera, we
to iteratively initialize and re ne a 3D Gaussian point cloudgeek to recover the latent continuous volumetric function
Finally, a different approach is proposed in EvGGS]|[41],

which introduces a generalizable, feedforward pipeline for F:d)!(c;); (2)



Fig. 2: Overview of our proposed architecture. We reconstruct a sharp radiance eld from a set of motion-blurred RGB frames
and events. The estimated trajectory from an event-based SLAM sysiam, i3 re ned through a learned Pose Re ner that

takes a query timestamp t as input and predicts residual corrections at arbitrary time resolutions. This re ned trajectory is
used to supervise the radiance eld through three complementary branches: a blur branch models image formation across the
exposure time; an event branch supervises high-temporal-resolution brightness changes via a learned event camera respons
function; and a prior branch introduces model-based deblur constraints. All branches share the same learned camera trajectory
allowing events and images to jointly re ne the scene representation and motion estimates.

which maps a 3D location x 2 R and viewing direction each image. Crucially, in our proposed architecture the image-
d 2 R2 to its emitted color ¢ 2 R and volume density 2 and event-based branches work together to cooperatively re ne
R. Each input image @ 2 R"W3  captures a motion- both the radiance eld and the camera trajectory, enabling
blurred RGB frame at timestamp, twhile the event stream sharper reconstructions through improved pose estimation.

provides asynchronous measurements €u  ;t; ; p; ), where In the following sections, we describe each component in
u; = (uj,v;) denotes the pixel location; the timestamp, and detail, starting with the trajectory representation and pose
pi 2f1;1g the polarity of the detected brightness change. re nement in Sec. Ill-A, followed by the radiance eld super-

Our method builds upon recent event-aided deblur Nepsion via events and blur modeling in Secs. IlI-B and I1I-C.
models [12], [42], [43], which optimize a NeRF using
both image- and event-based supervision. Inspired by EA:- Trajectory Representation and Pose Re nement

nglurNeRF [12.]’ we a_dopt a tri_-branch arc_hitecture -t.hat Accurate training of event- and image-based NeRF models
Jomtly_leverages mfc_)rmatlon from dn‘fere_nt Sensing mOdal't'eﬁequires temporally precise camera poses at the exact locations
to guide the leaming of a sharp radiance eld. The rS%@re each observation was captured. This challenge becomes

bra_nch operates on blurred RGB frames and supervises 8n more pronounced in event-aided deblur settings, where
radiance eld via a photometric blur model. A second, eveng,

based b h . the radi Id Usi . nae must estimate not only the camera trajectory during each
ased branch supervises the radiance €id using microsecop ge exposure, but also the precise pose at which every event
level brightness changes captured by the event sensor, w

. triggered. Prior approaches [12], [42], [43] either assume
are interpreted through a learmable camera response func Pess to densely sampled ground-truth poses, rarely feasible
(CRF) that adapts to real sensor characteristics. Finally, € real-world scenarios. or rely on two-stage pipelines that
third branch introduces prior knowledge to constrain trainin@eblur frames using e\;ent integration [8] and then estimate
further and resolve ambiguities arising from severe blur %ra

) . . ses with structure-from-motion tools like COLMAP [10].
sparse event information. An overview of the proposed meth ese methods not only depend heavily on the quality of
is presented in Figure 2.

the deblurred images, which degrade under fast motion, but
Unlike previous approaches, our method does not rely on adso estimate poses only at discrete timestamps, rather than
curate, high-frequency camera poses during image exposurenmdeling the continuous camera motion. In contrast, we pro-
at event timestamps. Instead, we propose a uni ed framewgvkse a uni ed, learning-based trajectory model that generalizes
that estimates a temporally continuous trajectory by combite fast, high-dynamic scenarios without requiring accurate
ing event-based odometry with a learned residual correctioriermediate reconstructions or pose annotations.
module based on [11]. This module re nes the coarse odom-We begin by computing a coarse estimate of the camera
etry at arbitrary time resolutions, enabling recovery of sultrajectory using an off-the-shelf visual-inertial SLAM or VIO
millisecond-accurate camera poses for each triggered evensgstem. In our implementation, we adopt UltimateSLAM [33]
well as the continuous trajectory traced during the exposurefof its ability to fuse both image and event features for



robust pose tracking. Despite the presence of motion blur Bh Image Supervision via Motion Blur Rendering
the RGB frames, image gradients still contribute to feature . . . .
matching, while the high temporal resolution of the event Following previous literature [12], [25]-{27], to enable radi-

. . . . ance eld learning from motion-blurred RGB frames, we adopt
stream ensures resilience to fast motion. This provides dis-

crete pose predictionsdPav = T sam( )g T:1 where each & physically grounded blur formation model that integrates

Tuu() 2 SE( repesents the esimated camera pose §17P SO0 recictons over e exposre el T o
time . In our implementation, UltimateSLAM [33] outputs P 9 '

pose estimates at the RGB camera rate, yielding a relative a'}hom access to _ground-truth _sharp frames, provided the
SN camera motion during exposure is accurately modeled.

sparse set of trajectory samples  24ftty;:::;tn, g, Where ) el Ui ¢ d . h

N, is the number of captured RGB frames. These sparse pos&VeN @ Pixel u in a frame captured at time, twhere

estimates serve as the initial trajectory prior, which we re ni denotes the center of the exposure interval for image i,
via a continuous-time pose model. we de ne r(u;t;) as the ray that originates from the camera

To enable re nement at arbitrary times, we rst construct enter of the re ned camera pose.ft;) and passes through

continuous initial trajectory Ty (t) 2 SE(3) by interpolating the pixel u. We estimate the color of the blurred pixel u

i lur i
the discrete SLAM pose estimates. Speci cally, we apply %bserved in Q1" by averaging the colors observed along the

spherical linear interpolation (SLERP) that interpolates rotas-et of rays r(u;t) as the camera moves during the exposure

tions on the SO(3) manifold and translations linearly id:R mtervql [t =2, t i+ =2]. This simulates t'he physical image
formation process, where the observed pixel color corresponds

Tinit(t) = SLERP g3y Psiawit ; (2) 1o the integral of the latent sharp radiance accumulated over
the exposure duration [25].
where t denotes any arbitrary timestamp during the cameraTo perform this integration, we sample a set of M times-

estimate of the trajectory, it inevitably suffers from drifcentered at the image timestamp For each sampled time
and local inaccuracies. To address this, we learn to estiméf® , we retrieve the corresponding camera pose from the
a residual re nement transformation T(t) 2 SE(3) that re ned trajectory Tf(t™ ) and cast a ray r(u;f™ ) from

corrects the initial pose at each timestamp: the resulting viewpoint. In our experiments, we found that
implementing S as uniform sampling within the exposure
Tre®=TMO T inie(®): (3) interval provides accurate and stable results. However, our for-

mulation is general and could accommodate learned sampling

strategies—for example, modeling S() as an MLP conditioned

on tj, similar to f , or adopting adaptive schemes based on
f :R21SEQ) 4) event rates, as explored in prior work [4].

To render individual views, we follow standard NeRF
where |, () denotes a frequency-encoded representation ¥plume rendering [2]. Along each ray, we sample a set of
time, following the sinusoidal positional encoding introducedD points and query the continuous volumetric function F
in NeRF [2]. The network f maps this embedding to thede ned in (1) to obtain colors and densities at each location.
residual pose Tre ne(t), Computed from the predicted trans-In praCtice, Fis implementEd as two MLPs, coarse and ne,
lation vector v(t) 2 R and quaternion q(t) 2 K. denoted by F and F'. Inspired by [12], [26], we augment

At any timestamp t, the re ned camera pose.ft) de nes both networks with explicit feature volumes [17] \&nd V.
the origin and orientation of the virtual camera for that instanthese volumes are evaluated at the sampled ray positions
The scene is rendered using this pose, and the resultlgng each ray to produce features f ', which we concate-
rendered view is supervised by both event and RGB caméite to the inputs of the coarse and ne MLPs, respectively.
observations (except for the frame-only case in Sec. |\v-bhese features accelerate convergence and enhance rendering
where supervision is obtained solely from RGB images). fpality, as they introduce spatially anchored features that are
both cases, the blurry images together with the motion-bIg@SIer to optimize.
modeling techniques introduced in Sec. I-B are incorporated The colors and densities collected along each ray are then
during training. During each training iteration, the photoaggregated through a volumetric rendering operator [2], which
metric and event-based losses computed on these rend&veddenote as R. The nal blurred pixel color is obtained
virtual views are backpropagated through the differentiabRy averaging these latent sharp values over the sampled
rendering process to both the scene representation and tiestamps:
pose re ner. This means that the scene parameters and the !
camera poses are jointly optimized With_in_ Fhe same tra_ining Cb'“r(u;ti) . b W R (Uit (m)) ; )
step, rather than in separate stages. The initial coarse trajectory ~
is crucial, as it provides a plausible starting point that guides m=t
the system toward a consistent structure and appearancewhere w, dggotes the blending weight for the m-th timestamp
the next sections, we describe how these re ned poses arel satis es mzl wm =1, and g() is a gamma correction
used in practice to render motion-blurred images and evduanction. Similar to [43], we use uniform weights to blend the
representations for supervision. rendered colors over time.

Following [11], we parametrize this re nement as a multi
layer perceptron (MLP) network Tene(t) =F ( L, (t)):



For brevity, we denote the rendered pixel in Eq. 5@&%”,
we nally compare the synthetic and observed blurry pixels
over a batch B of pixel-timestamp pairs (i; tx):

1 X h bl bl 2 bl bl 2
= ijj kal;Jcr C fkur 2+ Crkl;:r C fkur 2
(6)

where subscripts ¢ and f indicate outputs from the coarse and

ne networks, respectively, and w the ground-truth blurred

color at the pixel corres_pondmg @ .rN(_)te that, for compact- Fig. 3: Data collection setup. A beamsplitter with an RGB and
ness, we refer to raysrin the summation although the batch .
: . . LY an event camera is attached to a quadrotor platform.
is formally de ned over pixel-timestamp pairs gutx) from

which the corresponding rays are derived (i.e., the rays cast

frOVtht.T: trheenf)? pozﬁzeﬂﬁfﬁtk).sng pa:sssmé:] Fggoughk?r'on the event camera during motion. To this end, we synthesize
N > Dlur rendering In =q. 5 provides a strong Sy, log-brightness at each event timestamp via volumetric
pervisory signal, it still leaves the learning problem undef- - .
. : . . . rendering of the radiance eld.
constrained, especially under high-dynamic motion where mo- : _ L . .
: . Speci cally, for each eventje= (uj;tj;p;), we identify
tion blur severely degrades textured areas. To further guide . .
. . Its most recent preceding event at the same pixel, denoted
the radiance eld toward plausible sharp appearances, we _ o : .
. g - e = (ujitosp ) witht; <t;. We estimate the camera
follow [12] and introduce an additional supervision signa . : .
i . . S poses at which these events were triggered using the re ned
based on prior deblurring estimates of the training images.; ":
X . trajectory, Tet(tj) and Ti(t; ) (Sec. llI-A), and render
Speci cally, for each ray ¢ 2 By, sampled at mid-exposure : ] } .
. pr ~ the corresponding RGB colors R(ut;) and R(uj;t; ) via
ty, we associate a pseudo ground-truth sharp targ&f'C . ; .
. . . . vqglumetric rendering at these timestamps.
obtained by deblurring the blurry input using the event-base Wi timate th dina briaht h b
double integral (EDI) [8]. We then supervise the NeRF- ¢ estimate the corresponding brightness change by con

rendered color at the mid-exposure pose to match this (?/ee_rtmg the rendered colors to log-brightness values using a
blurred estimate: earnable event camera response function (eCRF) and comput-

1 X h i ing their difference. In particular, we de ne the log-brightness

prior = = Rc(rk) C Prer §+ Rt (rk) C Pior ; - perceived by the event camera’s pixgl at time § as:

Bu)j
28 @ Ci=10 L with(j =log(h(eCRF (R(U;:t);p;))
where R.(ry) and Rs (r) are the coarse and ne volumetric (8)
renderings of the rayyr at mid-exposure. where h() is a luma conversion function, and eCRHRs an

Since EDI is a model-based deblurring process that assunMisP that models the pixel-wise, polarity-dependent response
accurate and noise-free event measurements, its outputs @&ifie event sensor. This learnable mapping accounts for real-
contain artifacts when the event data is noisy or the scewerld deviations from the ideal event generation model, such
violates model assumptions. To address this, we employ @ pixel-level threshold variability and sensor non-linearities.
prior-based supervision primarily during the early stages of Finally, we supervise the predicted brightness change to
training to guide the radiance eld toward a plausible, sharpatch the expected change recorded by the camera over a
initialization. As training progresses, we gradually redudeatch B:

the weight of this loss, allowing the NeRF to rene its X h 5 2i
reconstruction beyond the model-based estimate, driven by theent= B Cj;c L mo+ C,-;f L 25
direct event supervision discussed in the next section. ® e 2B,

9)
where L [ =p; , is the expected change recorded by
the camera, p, is the contrast threshold corresponding to the

While motion-blurred RGB frames provide strong supeevent polarity (positive or negative), and the subscripts ¢ and f
vision for radiance eld optimization, they are inherentlydenote quantities computed using the coarse and ne radiance
limited by their low temporal resolution and the lack ofeld renderings, respectively.
texture under fast motion. To complement the image and prior-This event loss not only promotes sharper reconstructions,
based supervision, we leverage the high temporal resolutionpafrticularly in regions with limited RGB support, but also
events to directly guide both the radiance eld and the camedérectly supervises the re ned trajectory at sub-frame reso-
trajectory re nement. lution. By querying Te() at individual event timestamps,

Each event g= (uj;tj;p;) encodes a brightness changg¢he model can propagate gradient signals back to the pose
of polarity g at pixel y and time f. Unlike RGB frames, re ner module f , contributing to adjusting the trajectory even
these measurements are signi cantly less affected by motiasithin frame exposures. This tight coupling of radiance and
blur and can thus provide precise, high-frequency supervisignotion learning enhances overall reconstruction accuracy and
Following prior works [35], [36], we train the model toconsistency, enabling the recovery of sharp geometry even
predict log-brightness changes that simulate those observedibger severe motion blur.

C. Event-Based Supervision



TABLE I: Quantitative comparison on the synthetic Ev-DeblurBlender dataset. Best results are reported in bold.

Method FACTORY PooL TANABATA TROLLEY AVERAGE

PSNR" LPIPS# SSIM" PSNR" LPIPS# SSIM" PSNR" LPIPS# SSIM" PSNR" LPIPS# SSIM" PSNR" LPIPS# SSIM"
DeblurNeRF [25] 24.52 0.25 0.79 26.02 0.34 0.69 21.38 0.28 0.71 23.58 0.22 0.79 23.87 0.27 0.74
BAD-NeRF [28] 21.20 0.22 0.64 27.13 0.23 0.70 20.89 0.25 0.65 22.76 0.18 0.73 22.99 0.22 0.68
PDRF [26] 27.34 0.17 0.87 27.46 0.32 0.72 24.27 0.20 0.81 26.09 0.15 0.86 26.29 0.21 0.81
DP-NeRF [27] 26.77 0.20 0.85 29.58 0.24 0.79 27.32 0.11 0.85 27.04 0.14 0.87 27.68 0.17 0.84

MPRNet [44] + NeRF  19.09 0.37 0.56 25.49 0.39 0.64 17.79 0.42 0.51 19.82 0.31 0.62 20.55 0.37 0.58
PVDNet [45] + NeRF  22.50 0.29 0.71 23.89 0.43 0.52 20.26 0.33 0.64 22.49 0.25 0.74 22.28 0.32 0.65
EFNet [9] + NeRF 20.91 0.32 0.63 27.03 0.31 0.73 20.68 0.31 0.64 21.69 0.25 0.69 22.58 0.30 0.67
EFNet* [9] + NeRF 29.01 0.14 0.87 29.77 0.18 0.80 27.76 0.11 0.87 29.40 0.09 0.89 28.99 0.13 0.86

ENeRF [42] 22.46 0.19 0.79 25.51 0.28 0.72 22.97 0.16 0.83 21.07 0.20 0.80 23.00 0.21 0.79
E2NeRF [43] 24.90 0.17 0.78 29.57 0.18 0.78 23.06 0.19 0.74 26.49 0.10 0.85 26.00 0.16 0.78
Ev-DeblurNeRF [12] 31.79 0.06 0.93 31.51 0.14 0.84 28.67 0.08 0.90 29.72 0.07 0.92 30.42 0.08 0.90
Ours 32.37 0.06 0.94 31.13 0.14 0.84 29.06 0.07 0.90 30.04 0.06 0.92 30.65 0.08 0.90

TABLE II: Quantitative comparison on the real-world Ev-DeblurCDAVIS dataset. Best results are reported in bold.

BATTERIES POWER SUPPLIES LAB EQUIPMENT DRONES FIGURES AVERAGE
PSNR" LPIPS# SSIM" PSNR" LPIPS# SSIM" PSNR" LPIPS# SSIM" PSNR" LPIPS# SSIM" PSNR" LPIPS# SSIM" PSNR" LPIPS# SSIM"
DP-NeRF+TensoRF [17] 26.64 0.27 0.81 25.74 0.32 0.77 2749 031 080 2652 030 081 27.76 034 0.77 26.83 0.31 0.79

Method

EDI [8] + NeRF 28.66 0.12 0.87 28.16 009 0.88 3145 0.13 089 2937 010 088 3144 0.12 0.88 29.82 0.11 o0.88

E2NeRF [43] 3057 0.12 0.88 2998 011 087 3041 016 0.86 3041 014 0.87 3103 014 085 3048 0.13 087

Ev-DeblurNeRF [12] 33.17 0.05 092 3235 006 091 3301 008 091 3289 0.05 092 3339 0.07 090 3296 0.06 0.91

Ours 3320 008 092 3249 007 091 3283 011 091 3300 007 092 3363 011 090 3303 009 0091
IV. EXPERIMENTS B. Datasets

We validate our method on both synthetic and real-worlv-DeblurBlender. A synthetic dataset introduced in [12],
datasets, comparing it against recent image-based and evestidered using high-frame-rate Blender simulations and com-
based baselines. We begin with synthetic scenarios uspising four scenes: factory, pool, tanabata, and trolley. Blurry
Ev-DeblurBlender [12], which provides ground-truth poseisnages are generated by integrating high-FPS frames over 40
and allows us to ablate components of our network in ras exposures, while events are simulated using ESIM [47]
controlled setting. We then evaluate performance on real-wordth thresholds ; = +; =0:2.

data with Ev-DeblurCDAVIS [12], before introducing tWoy4isypose-EvDeblurBlender. To evaluate robustness to tra-
new challenglr_lg datasets collected under_ fast m.otlon: Ge'}@étory errors, we introduce a noisy variant of the Ev-
HandHeld, Wh!Ch test; robustness to varying mf?“on blur, ,arﬂfjeblurBIender dataset. Starting from ground-truth poses, we
G.en3-'DroneFI|ght, wh|ch represents the most dif cult settlng“-ect synthetic drift by rst selecting six uniformly spaced
with high-speed drone ight data. points along each trajectory and sampling at each point a
random 6 DoF perturbation. We then linearly interpolate the
) . sampled perturbations to all intermediate poses. The perturba-
A. Implementation Details tions increase progressively with traveled distance to simulate
the behavior of a VIO system affected by drift. We use a global
"hoise level | to control the overall magnitude of the perturba-

ions. Letting ® = ( 9 ¥ denote th lated
2048 rays for the event loss {B and sample 64 coarse anc}lonS eting ( t 'R ) enog © aceumd ?E.} error
64 ne points along each ray. The number of motion samplé)fr meter of traveled distance for noise level |, whé?els the

M per exposure is scene-dependent and typically ranges fr(gr,ﬂnslatlon error (in centimeters) arjg] the rotation error (in _

7 to 11 based on motion complexity. The pose re nerig degrees), we test 4 levels to quantify perfo_rmance degradation
implemented as an 8-layer MLP with 256-dimensional hidde#fT0Ss methods, de ned as follows for noise levels | =1 to
units and ReLU activations, following [11], while we follow! =4 (2cm;0:2); (4cm; 0:4); (8cm; 0:8 ); (12cm; 1:2).

[12] for implementing the ne and coarse MLPs de ning theEv-DeblurCDAVIS. A real-world dataset introduced in [12],
NeRF. We use the Adam optimizer [46] to minimize the totakhich includes ground-truth sharp reference images as well
loss L= pLpurt+ eleventt pLprior Where we set, =1:0 as precise poses for training and evaluation. It uses a Color
and ¢ = 0:1, while we decay , from an initial value of DAVIS346 sensor to record events and RGB frames (346x260
0:1 to zero by iteration 20,000 with a cosine scheduling to le¢solution) with a 100 ms exposure time. Ground-truth poses
the NeRF move beyond the model-based prior. We train fare obtained via a linear slider's motor encoder, enabling
30,000 iterations with a learning rate exponentially decayirgyaluation under controlled motion at speeds on the order of
from 5 10° to 5 10° . The total runtime for training a single 0.1 m/s. We follow the same train-test split as in [12], using
scene is around 3 hours on one NVIDIA A100 GPU. 11 to 18 blurry training views and 5 sharp test views.

Training. We implement our code using PyTorch. We trai
using a batch size of 1024 rays for the blur losg)(Bnd



TABLE lll: Quantitative comparison on the NoisyPose-EvDeblurBlender dataset under different pose noise levels. Best results
are reported in bold.

Noise Method FACTORY PooL TANABATA TROLLEY AVERAGE
Level
eve PSNR" LPIPS# SSIM" PSNR" LPIPS# SSIM" PSNR" LPIPS# SSIM" PSNR" LPIPS# SSIM" PSNR" LPIPS# SSIM"

1 Ev-DeblurNeRF [12] 12.67 0.40 0.19 21.07 0.38 036 13.40 0.39 0.23 12.15 0.52 021 14.82 0.42 0.25
Ours (Frame Only)  28.57 0.15 0.89 29.73 0.23 079 2528 0.17 0.83 27.65 0.11 0.89 2781 0.17 0.85
Ours (Frame + Event) 31.11 0.07 0.92 30.89 0.15 0.83 28.01 0.09 0.89 29.51 0.07 091 29.88 0.09 0.89

2 Ev-DeblurNeRF [12] 11.30 0.55 0.12 17.66 0.57 0.18 12.73 0.64 0.17 10.61 0.62 0.12 13.08 0.60 0.15
Ours (Frame Only)  28.15 0.16 0.88  29.53 0.25 0.78 25.01 0.17 0.82 27.18 0.12 0.88  27.47 0.17 0.84
Ours (Frame + Event) 31.23 0.06 0.92 30.68 0.16 0.83 27.95 0.10 0.87 29.25 0.07 091 29.78 0.10 0.88

3 Ev-DeblurNeRF [12] 10.33 0.63 0.09 15.80 0.71 0.13 11.29 0.71 0.11 9.13 0.66 0.07 1164 0.68 0.10
Ours (Frame Only)  27.84 0.16 0.88 29.11 0.26 0.77 2149 0.66 0.27 2594 0.15 0.84 26.10 031 0.69
Ours (Frame + Event) 31.31 0.06 0.93 30.25 0.18 0.81 27.08 0.12 0.85 27.57 0.10 0.87  29.05 0.12 0.86

4 Ev-DeblurNeRF [12]  9.99 0.67 0.08 15.81 0.72 0.12 1081 0.75 0.08 8.80 0.71 0.05 11.35 0.71 0.08
Ours (Frame Only)  18.34 0.33 0.46  20.43 0.56 035 20.05 0.59 031 18.84 0.33 052 19.42 0.45 0.41
Ours (Frame + Event) 30.79 0.07 092 2525 0.35 0.58 23.97 0.21 0.74  25.93 0.13 0.83 26.49 0.19 0.77

Gen3-HandHeld and Gen3-DroneFlight. We collect two netuning on the other scenes in the dataset. Among event-
fast-motion datasets using a beamsplitter setup (Figure ®)sed methods, we evaluate E-NeRF [42}-NeRF [43],
consisting of a Prophesee Gen3 event camera (640x48@ Ev-DeblurNeRF [12]. All baselines are run with of cial
resolution) and a color FLIR Blacky S camera, bothcode and default hyperparameters, using the same input data
viewing the same scene through the beamsplitter andd poses for fairness. Similar to [12], we perform extensive
hardware-synchronized. The Prophesee Gen3 features emaluation in simulation and then select the best-performing
IMU that is synchronized with the event stream and usdzhselines for a more in-depth analysis on real-world scenarios.
for pose estimation with UltimateSLAM [33]. We run
UltimateSLAM [33] on the full trajectory to obtain an initial
pose prior, and then subsample the training images to replicgte

the setup of Ev-DeblurNeRF [12], using approximately 34tate-of-the-Art Comparison. We begin our evaluation by
blurred training images and 5 sharp test images per sequetighchmarking the proposed method on the Ev-DeblurBlender
Gen3-HandHeld features fast motion performed with thgnd Ev-DeblurCDAVIS datasets. Both datasets provide
rig handheld, moving at variable speeds and with differegfound-truth camera poses, allowing us to fairly compare
exposure times for the RGB camera. We use this datasetafhinst baselines that do not perform pose re nement during
evaluate robustness to varying levels of blur severity. Gengaining. This setting also serves to validate that our method,
HandHeld includes three exposure settings (10ms, 30ms aj¥fler ideal conditions, can accurately infer intermediate poses
50ms) and three speed proles (0.81 m/s, 1.21.4 m/s, during exposure and at event timestamps and achieve sharp
1.41.8 m/s) for a total of 9 sequences. To demonstrate theconstruction quality on par with the best existing approaches.
effectiveness of our approach in real-world scenarios, WeResyits for the synthetic Ev-DeblurBlender dataset are re-
record another dataset, named Gen3-DroneFlight, featurifgited in Table I. Our method consistently outperforms all
the same beamsplitter setup but mounted on a real quadrgjgselines. It achieves a relative PSNR improvement of 10.7%
(shown in Figure 3). We use this setup to perform ight withyyer the best-performing image-only NeRF-based method and
left-to-right, top-to-down motions in front of target scenesyyrpasses two-stage approaches that rst deblur images and
reaching speeds of up to 2 m/s. We use an external motign train a NeRF by 5.7% in PSNR. Compared to event-based

capture system to maneuver the drone, as well as to recR8RF methods such as E-NeRF [42] an#NERF [43], our
ground-truth camera poses for evaluation. Crucially, th@ethod provides a 17.9% PSNR gain.

motion capture poses are never used during training. Thes§ye opserve analogous trends on the real-world Ev-

poses are used solely for evaluation, as our system only religsy|yrCDAVIS dataset, as shown in Table Il. Our method
on approximate poses from UltimateSLAM [33]. again surpasses frame-only baselines, as well as all

event-driven approaches. In particular, we outperforfa E

C. Baselines NeRF [43] by 8.4% PSNR and perform on par with Ev-

We follow the evaluation setup established in previodd€blUrNeRF [12]. Although our method performs on par with
work [12], ensuring consistent comparisons across both franfe/-DeblurNeRF [12], as will be shown in the next section, its
only and event-driven baselines. For NeRF-based frame-oRfjvantage becomes more evident as pose noise increases. We
deblurring, we consider DeblurNeRF [25], BAD-NeRF [28]Provide qualitative comparisons in Figure 5.
DP-NeRF [27], and PDRF [26]. We also include videdRobustness to Pose Noise. We next evaluate the robust-
deblurring approaches (MPRNet [44], PVDNet [45] andess of our method to noisy camera trajectories using the
EFNet [9]), followed by scene reconstruction using NeRF [2NoisyPose-EvDeblurBlender dataset, a modi ed version of
For EFNet [9], we also evaluate a variant, denoted as EFNelPy-DeblurBlender where training poses are perturbed by syn-
where the pretrained model is applied to a given scene aftketic drift. This perturbation simulates the gradual degradation

Experimental Validation



TABLE IV: Pose estimation error metrics under different pose noise levels on NoisyPose-EvDeblurBlender. (ATE RMSE [cm]
#, RPE translation [%] #, RPE rotation [deg/m] #)

Noise FACTORY PooL TANABATA TROLLEY AVERAGE
Level Method
ATE RPErans RPEot ATE RPErans RPEot ATE RPBErans RPEot ATE  RPErans RPEot ATE  RPErans RPEot

Perturbed 9.96 5.41 0.23 4.73 6.49 1.62 2155 6.61 0.19 2319 10.08 0.32 14.86 7.15 0.59
1 Frame Only 11.13 0.83 0.12 0.99 0.76 0.26 2.57 0.74 0.18 311 0.98 0.14 445 0.83 0.18
Frame + Event 0.21  0.12 0.03 0.14 0.16 0.13 058 0.21 0.03 0.87 0.24 0.08 0.45 0.18 0.07

Perturbed 1854 1046 046 8.88 1221 3.23 4142 1278 039 4551 20.04 0.63 2859 13.87 1.18
2 Frame Only 1.14  0.79 0.12 081 0.79 0.26 4.46 0.85 0.14 311 1.03 029 238 0.86 0.20
Frame + Event 0.32  0.14 0.05 014 0.17 0.10 1.02 0.34 0.11 1.25 0.33 0.13 0.68 0.25 0.10

Perturbed 3220 19.03 091 1555 2123 646 7471 23.01 0.77 8310 36.16 127 5139 2486 235
3 Frame Only 6.25  0.97 0.23 424 1.73 0.27 10.13 3.68 117 476 1.48 0.53 6.35 1.96 0.55
Frame + Event 0.52  0.26 0.10 136 1.10 0.10 3.02 0.79 0.27 3.23 0.87 042 203 0.75 0.22

Perturbed 42.69 2563 137 2043 2758 9.70 99.50 30.31 1.16 108.12 45.55 190 67.69 3227 353
4 Frame Only 14.26 5.80 221 20.11 2552 090 1552 4.83 1.40 2298 9.40 140 18.22 11.39 1.48
Frame + Event 1.00 0.50 0.20 1521 1699 0.73 870 250 0.81 4.96 1.60 0.82 7.47 540 0.64

Factory

Trolley

Fig. 4: Factory (top) and Trolley (bottom) trajectory analysis on NoisyPose-EvDeblurBlender at noise level 4. We present the
change of trajectory errors with traveled distance (left), for both translation (meters and percentage) and rotation (degrees and
degrees per meter), along with a visual comparison of the trajectories (right).

commonly observed in visual-inertial odometry systems duand rendered views, following BAD-NeRF protocol [28].

ing prolonged motion. Results are reported in Table Il and Ev-DeblurNeRF [12] struggles to recover meaningful ge-
illustrated qualitatively in Figure 6. ometry, with PSNR dropping to 14.82 dB on average in the
For this study, we compare against Ev-DeblurNeRF [12[jildest noise case (see Table Ill), compared to the 30.42
the best-performing baseline, which also shares the m@& achieved when using ground-truth poses (see Table I). In
architectural similarities with our method and thus serves &gntrast, our method consistently compensates for the drift,
the most meaningful baseline to isolate the effect of trajectopghieving an average of 29.88 dB PSNR across scenes. As the
re nement. Our pose re nement strategy is fully learnedoise level increases, performance degrades but remains robust
and unconstrained by xed coordinate frames. As such, @ven in the most challenging setting, yielding an average of
can result in globally shifted or rotated trajectories that ar6.49 dB despite substantial initial trajectory drift. Notably, in
photometrically valid but misaligned with the ground-trutfihe longest sequences, trolley and tanabata, where drift affects
frame. To account for this, we rst align ground-truth poses te perturbed trajectory the most (108.12 ATE and 99.50
the learned trajectory via Procrustes alignment on the trainiAgE, respectively; see Table IV), our method still successfully
views. We then further register the test poses to the learni@govers geometry, achieving 25.93 dB and 23.97 dB PSNR.
NeRF by minimizing a photometric loss between the referenceThe impact of our joint pose re ner module is further
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Train View E*NeRF [43] EvDeblurNeRF [12] Ours Reference View

Drones

Lab Equip Power Supplies

Fig. 5: Novel view synthesis comparison on the Ev-DeblurCDAVIS dataset.

TABLE V: Quantitative comparison on the new Gen3-HandHeld dataset, and ablation of speed vs. exposure time. USLAM
stands for UltimateSLAM [33].

Exposure Poses Method Max Speed 0.8 1 m/s Max Speed 1.2 1.4 m/s Max Speed 1.4 1.8 m/s Average

PSNR" LPIPS# SSIM" PSNR" LPIPS# SSIM" PSNR" LPIPS# SSIM" PSNR" LPIPS# SSIM"
USLAM  Ev-DeblurNeRF [12] 16.92 0.57 0.45 16.30 0.59 0.42 15.99 0.64 0.42 16.40 0.60 0.43

loms - UStAM Ous - 2814 021 077 2734 023 076 2669 027 074 2739 024 076
ourrened Ev-DeblurNeRF [12] 24.03 024 072 2428 026 072 2317 032 069 2383 027 071
ourrened  E2NeRF [43] 2377 024 071 2347 030 068 2146 037 062 2290 030 067

USLAM Ev-DeblurNeRF [12] 16.49  0.46 043 1633 051 045 1569 055 043 1617 051  0.44

soms _ UStAM Ous - 2457 014 077 2473 018 077 2327 021 073 2419 018 076
ourrened Ev-DeblurNeRF [12] 24.04 015 077 2379 019 076 2257 025 071 2347 020 074
ourrened  ENeRF [43] 2299 019 072 2309 033 061 2122 035 063 2243 029 065

USLAM Ev-DeblurNeRF [12] 1434 053 036 1400 060 037 1316 063 033 1384 059 035

soms - USLAM Ous - 2380 013 078 2252 018 074 2131 026 068 2254 019 073
ourrened Ev-DeblurNeRF [12] 22.96 014 076 2150 021 071 1828 035 058 2091 023 068
ourrened  E’NeRF [43] 2195 022 069 1912 032 060 2026 040 062 2044 031 064

demonstrated in Table IV, where we analyze the trajectoyjelds a further improvement, lowering ATE to only 7.47 cm.
error of the poses recovered by our method after the fiWhen the initial poses are within 30 cm (noise levels 1 and
training procedure has converged. We denote the noisy inf)t our full method with events achieves sub-centimeter ATE,
trajectory as perturbed, and report performance for frame orlighlighting the contribution of the event-based supervision.
and frame + events con gurations, where the event-basedWhile precise trajectory recovery is not the primary ob-
branch of our network is disabled or enabled, respectivelgctive of our method, these results demonstrate its ability to
We measure Absolute Trajectory Error RMSE (ATE RMSE)chieve accurate poses by exploiting dense 3D reconstruction
in centimeters, Relative Pose Error in translation (RRE as a way to jointly re ne poses during training. Additional
as a percentage of the traveled distance, and Relative Pasults are provided in Figure 4, where we qualitatively
Error in rotation (RPE;) in degrees per meter, using thevisualize the re ned trajectories and report the changes in
toolbox proposed in [48]. For RPE, we divide the ground-truttnajectory error with the distance traveled.

trajectory into six equal-length segments, use the ve segmeBkn3-HandHeld Results. We continue our evaluation on
midpoints as reference poses, compute both translational g8|-world sequences captured via a beamsplitter setup. Com-
rotational errors over the segment length at each refereq@ed to the CDAVIS dataset, this setup presents greater
pose, and average the ve resulting errors. challenges, as it consists of two independent sensors with
The results in Table IV show that combining both framedistinct responses to light. This necessitates modeling these
and events leads to signi cantly improved performance, ahfferences explicitly, which we achieve through the learn-
the pose re ner bene ts from supervision not only from theble camera response function (CRF). We rst focus on the
frames but also from the high-temporal-resolution informatioBen3-HandHeld dataset, which comprises handheld scenes
provided by events. On average, using frames alone improvesorded with varying camera motion speeds and RGB ex-
the initial perturbed trajectory from 67.69 cm to 18.22 cm ATosure times. To ensure comparable brightness across set-
in the most challenging setting, while incorporating eventings, we manually adjust the lens aperture when increasing






	Introduction
	Related Work
	Method
	Trajectory Representation and Pose Refinement
	Image Supervision via Motion Blur Rendering
	Event-Based Supervision

	Experiments
	Implementation Details
	Datasets
	Baselines
	Experimental Validation

	Discussion and Limitations
	Conclusion
	Acknowledgements
	References
	Biographies
	Rong Zou
	Marco Cannici
	Davide Scaramuzza


