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Abstract

Neural radiance field (NeRF) training typically requires
high-quality images with precise camera poses. These im-
ages are often captured with stationary cameras under fa-
vorable lighting conditions. Such constraints limit the use
of NeRF models in real-world scenarios. Event cameras, a
novel neuromorphic vision sensor, can capture visual in-
formation with microsecond temporal resolution in chal-
lenging lighting conditions, overcoming conventional cam-
era limitations. Recent research has proposed methods to
construct NeRFs from fast-moving event cameras, enabling
neural radiance field modeling with handheld cameras in
high-dynamic-range environments. However, current meth-
ods still rely on precise camera poses as input. To ob-
tain this information, these approaches resort to external
sensors like motion capture systems, introducing additional
complexities such as sensor synchronization, calibration,
and increased device costs. While existing camera pose es-
timation algorithms could potentially replace external sen-
sors, they lack the accuracy needed for high-quality NeRF
synthesis, resulting in blurry and low-quality novel views.
To address these challenges, we propose E-BARF, a method
that simultaneously trains a NeRF model and adjusts the es-
timated camera poses. This approach achieves high-quality
NeRF reconstruction without relying on external sensors,
simplifying the NeRF creation process for event cameras.

1. Introduction

Neural Radiance Fields (NeRFs), originally proposed for
photorealistic novel view synthesis, have demonstrated their
strong ability to implicitly encode 3D scenes using neu-
ral network representations [31]. However, training the
original NeRF model requires a set of images free from
motion blur, along with precise six-degree-of-freedom (6-
DoF) camera poses (position and orientation) correspond-
ing to each image’s capture location. In practice, to ob-
tain such high-quality training data, stationary cameras are
used to capture images in a controlled, well-lit environ-

ment, ensuring ideal lighting conditions and avoiding mo-
tion blur. These images are then processed using structure-
from-motion (SfM) tools such as COLMAP [37–39] for ac-
curate pose estimation. These stringent requirements pre-
vented the deployment of the original NeRF model in ap-
plications for general users. Consequently, significant re-
search efforts have been directed toward relaxing require-
ments related to lighting conditions [14, 19, 32], motion
blur [30, 41], and the necessity for accurate camera pose
information [18, 21, 27, 43, 44].

One line of research proposes using novel sensors to re-
lax the strict requirements of the original NeRF. Among
these sensors, event cameras—a novel type of camera with
different working principles from conventional frame-based
cameras—have sparked researchers’ interest. In 2023, three
groups of researchers, Klenk et al. [23], Rudnev et al. [36],
and Hwang et al. [16] independently introduced E-NeRF,
EventNeRF, and Ev-NeRF, respectively, for training NeRF
models using event cameras. They propose novel losses for
NeRF training based on event cameras’ working principles.
Among them, E-NeRF demonstrated its capability to train
NeRF models for real-world challenging scenes with high-
dynamic-range lighting using a handheld event camera.

The success of E-NeRF, EventNeRF, and Ev-NeRF can
be largely attributed to the unique advantages of event cam-
eras. Each pixel operates independently in event cameras
by continuously sensing changes in brightness. Once the
brightness change exceeds a certain threshold, the pixel
emits an event indicating the pixel location, brightness
change direction and time of change [6]. Such a design
not only allows the event camera to continuously output the
sensed visual signals without waiting for a fixed exposure
period, but also enables the camera to function effectively
in high dynamic range (HDR) environments.1 As a result,
event cameras can handle challenging lighting conditions
and mitigate motion blur issues, making them suitable for
training NeRF models in complex scenes where conven-

1Unlike conventional frame-based cameras where integrating over a
fixed time period can lead to saturation, the time period of integration for
an event camera can be much shorter or longer, greatly alleviating prob-
lems of overexposure and underexposure.
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Figure 1. Overview of E-BARF training. The event camera’s pixel u triggered two consecutive events at timestamp t1 and t2, respectively.
The camera poses at timestamp t1 and t2 are interpolated from the neighboring keyframe poses (black dots). Rays r1 and r2 are the viewing
directions of pixel u at these two timestamps. Each ray goes through the standard NeRF process: For ray r1, M points (green dots) are
sampled along the ray. The brightness value c1 and volume density ρ1 of each sampled point are inferred from a NeRF model. The M pairs
of (c1, ρ1) are then integrated by volume rendering into the pixel value of u at timestamp t1, which will be transformed using the linlog
function (Eq. 2) to obtain intensity value L̂1. Similarly, we estimate L̂2 with r2, the pixel value of u at timestamp t2. The loss function is
formulated based on the event generation model: the brightness change between timestamp t1 and t2 at pixel u should be approximately
equal to the contrast threshold C. The backpropagation flows from the loss function back to the keyframe poses.

tional cameras would fail.

Like the original NeRF, these three event-driven NeRFs
require accurate event camera poses. However, all of these
methods require additional hardware beyond event cameras
to obtain these poses: Ev-NeRF uses a conventional frame-
based camera and SfM tools. EventNeRF uses a turntable
setup in a controlled environment so that the poses can be
mathematically inferred, and E-NeRF relies on an expen-
sive motion capture (MoCap) system. The reliance on ad-
ditional hardware not only increases the overall cost of the
solution but also introduces additional operations, such as
temporal synchronization and calibration between sensors.
These operations may introduce errors that could degrade
the quality of the resulting NeRF model.

Our goal is to build NeRFs using solely event camera
data. One potential approach is to generate images from
events using methods such as E2VID [35], and then use
these images as input for training conventional NeRF mod-
els. Such ideas were explored by Klenk et al. [23] and
Rudnev et al. [36] in their E-NeRF and EventNeRF works,
respectively, and both studies concluded that such an ap-
proach was significantly inferior to their own methods, par-
ticularly in challenging scenarios. Another possible solu-
tion is to estimate the camera poses with algorithms and
then utilize the estimated poses for training event-based
NeRFs. However, as experiments will show, existing event-
based pose estimators are not yet capable of producing
trajectories with sufficient accuracy to prevent artifacts in
NeRFs. This leads us to the challenge of constructing
NeRFs with inaccurate trajectories.

In this paper, we propose Bundle Adjusting Neural Ra-
diance Fields from a moving Event Camera (E-BARF). E-
BARF takes as input a stream of events generated by a mov-
ing event camera and its imperfect trajectory, and jointly
learns the NeRF model from scratch while adjusting the
camera trajectory. The output is a NeRF model capable of

synthesizing high-quality novel views. More specifically,
we first feed the input event stream into a camera pose esti-
mation algorithm to obtain initial, inaccurate estimates of
the camera trajectory. The output from these pose esti-
mation methods consists of a series of timestamped poses,
referred to as keyframe poses, which have significantly
lower temporal density compared to the high-frequency
event data. For events occurring at intermediate times-
tamps, corresponding camera poses are computed by inter-
polating between neighboring keyframe poses. In E-BARF,
these keyframe poses are treated as optimizable parameters.
By back-propagating the loss from the event-based NeRF
model to these pose parameters, E-BARF simultaneously
optimizes both the NeRF model and the keyframe poses,
thus refining and controlling the trajectory of the event cam-
era. Experiments demonstrate that E-BARF can success-
fully train a high-quality NeRF model using only a single
handheld moving event camera, without relying on any ad-
ditional sensors for camera pose measurement.

In summary, we present a method that can produce a
high-quality NeRF model from nothing but event camera
data. In particular, no additional hardware or devices are
needed to estimate camera poses, a first in this literature.

2. Related Work

Neural Radiance Fields (NeRFs) [31], developed for pho-
torealistic novel view synthesis, are highly effective at en-
coding 3D scenes into compact implicit representations,
finding applications in various fields like medical imag-
ing [12, 17, 42] and content creation [2, 10, 15, 25]. How-
ever, the original NeRF models rely on high-quality train-
ing images and accurate camera poses [7]. Some previous
works have aimed at addressing challenging lighting condi-
tions [14, 19, 32] and motion blur [30, 41]. Some incorpo-
rate new sensors to enhance NeRF’s quality and lower its
training and deployment requirements [4, 8, 13, 16, 20, 23,
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28, 36, 45, 46]. Recently, event cameras gained attention
due to their high temporal resolution, dynamic range, and
low latency [6], making them ideal for addressing lighting
and motion blur issues for NeRFs. In 2023, E-NeRF [23],
EvNeRF [16], and EventNeRF [36] were independently
proposed to train NeRF using event streams.

However, these event-based NeRF approaches require
accurate camera poses for training: EvNeRF obtains poses
using SfM algorithms with images [37, 39], E-NeRF re-
lies on a MoCap system, and EventNeRF keeps the camera
stationary while rotating objects on a turntable to calculate
poses. These solutions either limit the methods’ applica-
bility or increase their usage complexity, motivating us to
propose E-BARF, a method that builds NeRF with only a
moving event camera without reliance on other sensors.

Much research has been conducted to reduce NeRFs’ re-
liance on accurate camera poses [1, 5, 18, 21, 27, 43, 44].
Among them, BARF jointly optimizes NeRF parameters
and camera pose registration using a coarse-to-fine strat-
egy [27]. While E-BARF operates in a bundle adjust-
ment manner like BARF, it tackles a more complex problem
by optimizing a nearly continuous event camera trajectory
rather than a discrete set of camera poses.

Several works following event camera-based NeRFs
have been proposed with different goals than E-BARF: Low
et al. enhanced E-NeRF’s robustness by incorporating a
more realistic event generation model that accounts for var-
ious intrinsic parameters and non-idealities [29]. Qi et al.
introduced a NeRF-based image deblurring method by ex-
tracting motion information from events [33]. Li et al. pro-
posed BeNeRF, which trains NeRF using a blurry image
and events. [26]. In contrast, E-BARF focuses on eliminat-
ing dependencies on additional sensors and aims to push the
boundaries of using only an event camera for NeRF train-
ing.

3. Approach
3.1. Problem Definition
The goal of E-BARF is to train a NeRF model for a 3D
scene2 only inputting a continuous event stream recorded
by an event camera moving around the scene.

The input event stream is a sequence of events. Each
event is a triplet e = (u, t, p) indicating that the bright-
ness sensed by pixel u increases (p = +1) or decreases
(p = −1) by a threshold at timestamp t. More technically,
we use the same event generation model as E-NeRF [23]:
Each pixel operates the same asynchronously. For a spe-
cific pixel u, assume the k-th event generated by this pixel
is euk = (u, tk, pk). This event indicates that, at timestamp
tk, the logarithmic brightness L(u, tk) sensed by the pixel
u increases (p = +1) or decreases (p = −1) by a contrast

2As with NeRF, we assume the scene has no moving objects.

threshold C, i.e. the event euk is emitted when

∆L = L(u, tk)− L(u, tk−1) = pk C (1)

where L(u, tk−1) is the sensed logarithmic brightness of
pixel u at tk−1, the timestamp at which the last event trig-
gered by the same pixel u before tk. During the timespan
between tk−1 and tk, there might be brightness change at
pixel u, but it does not exceed the threshold pk C since no
other events were triggered. Notice that in real event cam-
eras, C changes adaptively with the scene and over time [3].

The logarithmic brightness L is defined as Eq. 2, where
I(u) is the light intensity at the pixel u, B is a constant
defining the linear region of the function.

L(u, t) = linlog(I(u)) =

{
I(u) · ln(B)/B, if I(u) < B

ln(I(u)), else.
(2)

The output of E-BARF, a NeRF model, is a neural net-
work trained to estimate the light emitted by a particle in the
scene, given its location in the space and the viewing direc-
tion in which the particle is observed. To synthesize a novel
view, light rays are traced for each pixel of the target view.
The pixel values are then computed through volume render-
ing the particles that lie along the corresponding traced rays,
which involves evaluating the particles using the trained
NeRF neural network [31, 40]. In E-BARF, such neural
network is parameterized by an MLP FΘ : (x,d) → (c, ρ),
where Θ is the parameters of the MLP, x ∈ R3 is the Carte-
sian coordinates for the location of the particle, d ∈ S2
is the viewing direction, c ∈ R is the predicted brightness
of the particle, and ρ is the volume density of the particle
(the opaqueness of the particle). Different from the original
NeRF, c is not predicted in color. This is because current
event camera is majorly monochromatic. Though E-BARF
can be extended to color space, there is no mature dataset
for training it.

3.2. E-BARF
E-BARF begins by preprocessing the input event stream
using an off-the-shelf event camera pose estimation algo-
rithm. Such algorithms typically take three inputs: an event
stream, the pre-calibrated intrinsic parameters K, and dis-
tortion parameters κ of the event camera. The output is a
series of N timestamped event camera poses (referred to as
keyframe poses): {(ti,pi, qi)}N−1

i=0 , where ti is the times-
tamp for the i-th pose, pi is the 3-dimensional translation
vector for position, qi is the quaternion represneting the ro-
tation. Camera poses at intermediate timestamps, say t, be-
tween two keyframe poses, say (t1,p1, q1) and (t2,p2, q2),
can then be obtained through interpolation:

Interp(t) = (t, LERP(p1,p2, u), SLERP(q1, q2, u)) (3)
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where u = t−t1
t2−t1

, t1 = max{ti|ti ≤ t}, and t2 =
min{ti|ti > t}.

The forward process for training E-BARF proceeds as
follows. From the event stream, we randomly select a pair
of events euk = (u, tk, pk) and euk−1 = (u, tk−1, pk−1)

3,
which were triggered from the same pixel u. The second
event euk−1 is the latest event at pixel u that had been trig-
gered before tk.

We begin by rendering the intensity value of pixel u
at timestamp tk: The camera pose at timestamp tk is in-
terpolated as Teuk

= Interp(tk). The ray rk that forms
the event is then computed via back-projection as rk =
π−1(Teuk

,u,K, κ).
NeRF synthesizes the pixel value at u via volume ren-

dering: for each particle x that lies along the ray rk, NeRF
estimates its brightness c and volume density ρ through
FΘ(x,d) = (c, ρ) where d is the viewing direction.4 Vol-
ume rendering formula integral over all such particles to get
the final pixel value. In practice, such integral formulation
is approximated via quadrature on discrete number of par-
ticles [27]. E-BARF follows the practice in E-NeRF, and
perform uniform sampling along the ray rk: {xrk

i |M−1
i=0 }.

For simplicity, we do not delve into the details of volume
rendering (see [40] for reference) but just summarize the
approximated volume rendering formula into a function,
which takes the NeRF-estimated c and ρ of M particles
sampled along the ray rk, and outputs the estimated value
of pixel u at timestamp tk.

Îtk(u) = VolumeRender
({

FΘ

(
xrk
i ,d

)}∣∣∣M−1

i=0

)
(4)

Similarly, we can compute Îtk−1
(u), the intensity value

of pixel u at timestamp tk−1. Based on the event gener-
ation model (sec. 3.1), we know that event euk was trig-
gered because the logarithmic brightness change exceeds
C since tk−1, the timestamp of the last event triggered in
pixel u before timestamp tk. Based on NeRF, we know
the brightness change between tk and tk−1 is ∆L̂k =
linlog(Îtk) − linlog(Îtk−1

). Thus, we get a loss function:

L
(
pi|N−1

i=0 , qi|N−1
i=0 ,Θ

)
=

∥∥∥∆L̂k − pkC
∥∥∥2
2

(5)

As the contrast threshold C varies over time, followed
E-NeRF, we use the following loss function instead:

Lnorm

(
pi|N−1

i=0 , qi|N−1
i=0 ,Θ

)
=

∥∥∥∥∥ ∆L̂k

∥∆L̂k∥22
− pk

∥∥∥∥∥
2

2

(6)

3For simplicity, we only describe one event pair, but the forward pro-
cess is batchified with a number of randomly selected input event pairs.

4We encode (x,d) with multi-resolution hash encoding. We omit this
detail here for simplicity.

Unlike E-NeRF, E-BARF treats the event camera poses
as optimizable parameters, refining their position and ori-
entation through back-propagation. This approach enables
joint learning of the NeRF model from scratch while simul-
taneously refining the estimated trajectory to maximize the
number of event pairs that align with the event generation
model.

4. Experiments

We validate the effectiveness of E-BARF with real-world
datasets (TUMVIE [22], EDS [11], and EVO [34] dataset)
because synthetic data generated by event camera simula-
tors have limitations in accurately modeling certain prop-
erties of real event cameras, such as the adaptive contrast
threshold C (sec. 3.1). An algorithm that performs well
in simulation does not necessarily work as effectively in
real-world environments. These three datasets include di-
verse lighting conditions and use different physical event
cameras, demonstrating E-BARF’s broad applicability. We
perform direct comparisons between E-BARF and E-NeRF.
However, comparisons with EventNeRF are not feasible
due to its limited support for operating in real-world scenar-
ios and its assumption of a constant color background in the
scene. Additionally, we cannot evaluate against EvNeRF as
their implementation has not been made publicly available.

4.1. Datasets

In this section, we introduce the three datasets used in our
experiments: TUMVIE, EDS, and EVO dataset. These
datasets are widely used for evaluating event camera pose
estimation algorithms, allowing us to readily adopt exist-
ing algorithms for trajectory estimation, the first step of E-
BARF. Both TUMVIE and EDS were previously used in
E-NeRF experiments, enabling direct comparisons.

The TUMVIE dataset is captured with a sensor rig
equipped with high-resolution event cameras, frame-based
cameras, and an IMU [22]. IR-reflective passive markers
are attached to the sensor rig, enabling the MoCap system
to track its pose at a frequency of 120 Hz. The timestamps
of all sensors are synchronized in hardware. As a result,
each sequence includes a synchronized sequence of events,
images, IMU data, and sensor rig poses. The authors care-
fully calibrated all sensors, which allows for the derivation
of both event camera and conventional frame-based camera
trajectories (expressed as 120 Hz camera poses) from the
rig poses. Inevitably, potential errors in the MoCap system,
such as spatial discrepancies between the marker frame and
optical center, calibration inaccuracies in event camera in-
trinsic parameters, and temporal misalignment between the
MoCap and event camera, can cause inferred event camera
poses to deviate slightly from the true trajectory. Therefore,
we refer to these trajectories as pseudo-ground truths.
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Figure 2. Visual comparison between E-NeRF and E-BARF on scenes MoCapDesk2 (left) and MoCap1dtrans (right): The pseudo-ground
truth trajectory (dashed green line in Fig. 2f) was perturbed with Gaussian noise N (0, σ2I6), resulting in the perturbed trajectory (blue
line in Fig. 2f) used for training both E-NeRF and E-BARF. Novel synthesized views generated by E-NeRF and E-BARF are shown in
Fig. 2a and Fig. 2b, respectively, with corresponding depth images presented in Fig. 2d and Fig. 2e. The ground truth image captured by a
frame-based camera (Fig. 2c) more closely resembles the view synthesized by E-BARF (Fig. 2b) than that by E-NeRF (Fig. 2a). Similarly,
the trajectory refined by E-BARF (orange line in Fig. 2f) aligns more closely with the pseudo-ground truth (dashed green line) compared to
the perturbed trajectory (blue line). Results for MoCap1dtrans, following the same layout, are presented on the right side (Fig. 2g–Fig. 2l).

Although this decision may lead to metrics that are less fa-
vorable for E-BARF (e.g. the absolute metric values are
lower than usual), the results still clearly show that E-BARF
outperforms E-NeRF.

Fig. 2 (right side) and Table 1 also present qualita-
tive and quantitative experimental results, respectively, for
scene MoCap1dtrans from TUMVIE. Both results lead to
the same conclusion as MoCapDesk2.

4.2.2. Trajectory Adjustment Evaluation
Fig. 2f and Fig. 2l qualitatively illustrate the pseudo-ground
truth trajectories (dashed green), the perturbed trajectories
(blue), and the trajectories adjusted by E-BARF (orange)
for scenes MoCapDesk2 and MoCap1dtrans, respectively,
demonstrating how E-BARF corrects perturbed trajectories
toward the pseudo-ground truth. Despite substantial pertur-
bations, E-BARF refines the perturbed trajectories to align
with the shape of pseudo-ground truths.

The first and second rows of Table 2 (marked with †)
present the distances, measured using absolute pose error
(APE), between the pseudo-ground truth trajectories and
both the perturbed trajectories and the E-BARF-adjusted
trajectories. The distances between the E-BARF-adjusted
trajectories and the pseudo-ground truth trajectories show
a notable reduction compared to those between the per-
turbed trajectories and the pseudo-ground truth trajectories.
These quantitative results provide evidence that E-BARF ef-
fectively refines perturbed trajectories toward the pseudo-
ground truth, supporting the qualitative observations dis-
cussed earlier.

As discussed in sec. 4.2.1, the trajectories adjusted by
E-BARF only align with the pseudo-ground truth trajec-
tories up to a 3D similarity transformation. Although the
controlled perturbation of the pseudo-ground truth trajec-
tories is intended to reduce such transformations, it can-
not completely eliminate them (see the misalignments be-
tween the refined trajectories and the pseudo-ground truths
in Fig. 2f and 2l). Performing trajectory alignment be-
fore evaluation may reduce misalignment. However, the
perturbed trajectories are too noisy for effective alignment.
Additionally, this process inevitably conflates trajectory ad-
justment errors with alignment errors. Hence, we keep the
trajectories unaltered during visualization and metric com-
putation. While this decision may result in distance met-
rics that are less favorable for E-BARF due to the inclusion
of misalignment-induced errors, the results clearly demon-
strate that E-BARF adjusts the trajectories to better align
with the pseudo-ground truth.

4.3. Experiments on Real Estimated Trajectories
In this section, we evaluate E-BARF’s performance when
training from trajectories estimated by existing event cam-
era pose estimation algorithms, which represents the in-
tended use case for E-BARF. Specifically, we employ the
most recent Deep Event Visual Odometry (DEVO) algo-
rithm [24]. Estimating 6-DOF poses solely from event
data is challenging, resulting in limited available algo-
rithms [24]. We also tested the EVO algorithm [34], but it
diverged early on in nearly all datasets, leading us to aban-
don its use. For data sequences that DEVO failed or does
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Table 2. Metrics for Trajectory Comparison: The Trajectory col-
umn shows the initial trajectories used for training E-NeRF and E-
BARF. Noised GT refers to pseudo-ground truth trajectories per-
turbed by Gaussian noise (blue lines in Fig. 2f and 2l, depend-
ing on the scene). DEVO denotes trajectories estimated by the
DEVO algorithm. Metrics report the mean of Absolute Pose Error
(Tape) between the pseudo-ground truth and post-training trajec-
tories. For E-BARF, these are refined trajectories, while for E-
NeRF, they are initial trajectories since it does not modify them
during training. Scene Flyingroom is not listed due to the lack of
pseudo-ground truths for metric computation. † presents experi-
mental results for sec. 4.2.2, and ‡ for sec. 4.3.

Scene Trajectory Method Tape (mean)

MoCapDesk2† Noised GT
E-NeRF 2.89
E-BARF 0.62

MoCap1dtrans† Noised GT
E-NeRF 1.45
E-BARF 0.60

MoCapDesk2‡ DEVO
E-NeRF 1.04
E-BARF 0.52

MoCap1dtrans‡ DEVO
E-NeRF 0.78
E-BARF 0.62

EDS11‡ DEVO
E-NeRF 3.51
E-BARF 3.31

not natively support, we explored an alternative approach:
converting events to greyscale frames using E2VID [35] and
then estimating trajectories using COLMAP.

We conduct qualitative and quantitative analysis on tra-
jectory adjustment. The fourth column of Fig. 3 visualizes
the input trajectories estimated by real-world algorithms
(blue lines), the E-BARF-refined trajectories (orange lines),
and the pseudo-ground truths (dashed green lines). Quan-
titative evaluation results are presented in Table 2 (marked
with ‡). Unlike the experiments in sec. 4.2.2, where in-
put trajectories were perturbed in a controlled manner from
pseudo-ground truths, significantly reducing the 3D similar-
ity transformation, the input trajectories estimated by real-
world algorithms differ significantly from pseudo-ground
truths in scale, rotation, and translation, not to mention esti-
mation errors. These differences propagate to the E-BARF-
refined trajectories. To enable visualization and ensure a
reasonable quantitative evaluation, trajectory alignment is
required. We align and scale the trajectories for compar-
isons with the pseudo-ground truths using the open-source
software evo [9]. The APE metric used in quantitative
evaluation considers both orientation and position, with the
unit-less mean pose errors reported.

Regarding image quality, we focus on qualitative com-
parisons, as illustrated in the first three columns of Fig. 3.
As noted by Klenk et al. [23], the experimental scenes
present significant challenges, with ground truth grayscale

images exhibiting artifacts such as severe motion blur or
loss of detail in high dynamic range (HDR) regions. Fur-
thermore, the presence of a non-negligible 3D similar-
ity transformation creates noticeable misalignment between
the synthesized views and ground truth images. These fac-
tors make the computation of the metrics for visual quanti-
tative comparison both challenging and uninformative.

The first and second rows of Fig. 3 show qualita-
tive results for MoCapDesk2 and MoCap1dtrans from the
TUMVIE dataset, respectively. In both cases, synthesized
views from E-BARF are sharper and more detailed com-
pared to those from E-NeRF, with significant improvement
in MoCapDesk2 and minor in MoCap1dtrans. This differ-
ence can be explained by the accuracy of the input trajec-
tories estimated by DEVO. In MoCapDesk2, the DEVO-
estimated trajectory contains severe errors, making E-NeRF
training difficult and resulting in blurry, melted-like synthe-
sized views. E-BARF corrects these errors, refining the tra-
jectory to closely match the pseudo-ground truth and pro-
ducing higher-quality views. For MoCap1dtrans, DEVO
provides a more accurate trajectory, enabling E-NeRF to
synthesize decent views, while E-BARF makes slight ad-
justments to enhance sharpness further. The results in Ta-
ble 2 support the visual analysis, with E-BARF in Mo-
CapDesk2 showing a more significant advantage over E-
NeRF in terms of APE compared to MoCap1dtrans. It is
worth noting the noticeable misalignment between the E-
BARF-synthesized views and the ground truth images in
both scenes shown in Fig. 3.

The third row of Fig. 3 presents results for the EDS11
scene from the EDS dataset. The ground truth image suffers
from severe motion blur caused by rapid camera shaking,
rendering the view nearly unrecognizable. While E-NeRF
partially reduces the blur, E-BARF synthesizes significantly
sharper views, recovering most of the details. Quantita-
tive analysis further confirms that the trajectory refined by
E-BARF aligns more closely with the pseudo-ground truth
than the trajectory estimated by DEVO (see Table 2).

The fourth row of Fig. 3 presents results for the Flyin-
groom scene from the EVO dataset, filmed in an HDR envi-
ronment where conventional frame-based cameras struggle
to capture textures in dark regions. While E-NeRF recov-
ers some lost details, they remain slightly blurry (e.g., the
book title). In contrast, E-BARF produces sharper images
with more preserved details. The trajectories estimated by
E2VID+COLMAP exhibit an unnatural, unsmooth pattern,
which is smoothed out by E-BARF. This pattern is likely
caused by estimation errors, as the camera motion appears
smooth when observing the video captured by the frame-
based camera. However, confirming this hypothesis or con-
ducting quantitative analysis is challenging due to the ab-
sence of pseudo-ground truths.
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Figure 3. Qualitative comparisons between E-NeRF and E-BARF trained on trajectories estimated by off-the-shelf algorithms: The first and
second columns display the synthesized images generated by E-NeRF and E-BARF, respectively. The third column shows the ground truth
images captured by frame-based cameras from the corresponding camera poses. The fourth column visualizes the trajectories: dashed green
lines represent the pseudo-ground truths, blue lines indicate the initial trajectories used for training, and orange lines depict the trajectories
refined by E-BARF. Trajectories are scaled and aligned for comparisons. Each row corresponds to an example camera view from a specific
scene (from top to bottom): MoCapDesk2 and MoCap1dtrans from TUMVIE, EDS11 from EDS, and Flyingroom from EVO. The initial
trajectories for all scenes were estimated using DEVO, except for Flyingroom, which was estimated using E2VID+COLMAP.

5. Conclusions

In this paper, we propose E-BARF, a method that jointly
trains NeRF models from scratch while adjusting camera
poses, enabling the training of NeRFs with a single hand-
held, fast-moving event camera in challenging lighting con-
ditions. Our results show that E-BARF outperforms base-

line algorithms across multiple datasets. In the future, we
aim to expand it into an event-based structure-from-motion
approach.
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