The Thirty-Ninth AAAI Conference on Artificial Intelligence (AAAI-25)

EvHDR-NeRF: Building High Dynamic Range Radiance Fields with Single
Exposure Images and Events

Zehao Chen'”, Zhanfeng Liao'?, De Ma'?, Huajin Tang!?, Qian Zheng"?**, Gang Pan'~*

IThe State Key Lab of Brain-Machine Intelligence, Zhejiang University, Hangzhou, China
2College of Computer Science and Technology, Zhejiang University, Hangzhou, China
{zehao, zhanfengliao, made, htang, qianzheng, gpan} @zju.edu.cn

Abstract

We present EFHDR-NeRF to recover a High Dynamic Range
(HDR) radiance field from event streams and a set of Low
Dynamic Range (LDR) views with single exposures. Using
the EVHDR-NeRF, we can generate both novel HDR views
and novel LDR views under different exposures. The key to
our method is to model the new relationship between events
streams and LDR images, which considers both the Camera
Response Function (CRF) and exposure time. Based on this
relationship, we categorize events into inter-frame events and
intra-exposure. The former is utilized for building HDR radi-
ance field and the latter is used to deblur potentially blurred
images. Compared to existing methods, this method can ef-
fectively reconstruct the HDR radiance field even when the
input images are degraded. Experimental results demonstrate
that our method achieves state-of-the-art HDR reconstruc-
tion, providing a more adaptable and accurate solution for
complex imaging applications.

Introduction

HDR imaging aims to restore real-world scenes as accu-
rately as possible. With the advent of Neural Radiance Fields
(NeRF) (Mildenhall et al. 2021), researchers begin to ex-
plore HDR reconstruction for 3D scenes (Huang et al. 2022;
Jun-Seong et al. 2022; Wu et al. 2024). Unlike HDR im-
age/video reconstruction tasks, HDR reconstruction of 3D
scenes enables the generation of HDR views beyond the ini-
tial input perspectives. This research improves the realism
of virtual representations and holds promise applications in
areas such as film production, 3D gaming, and virtual reality.

HDR reconstruction methods for 3D scenes currently rely
on multi-exposure images as input (Huang et al. 2022; Jun-
Seong et al. 2022). This method requires capturing multi-
exposure images from different viewpoints, which increases
the operational complexity for the user. Additionally, this
type of method has specific requirements for the range of
multi-exposure inputs (Fig. 1(b))!, which limits the usage
scenarios. For instance, in dimly lit indoor environments,
short exposures might yield images with poor signal-to-
noise ratios, while long exposures taken with handheld de-
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vices might lead to blurred images. As a result, these con-
ditions can compromise image quality and lead to subopti-
mal reconstruction outcomes. Using single-exposure, multi-
view images as input can reduce the operational complex-
ity for users. However, performing HDR reconstruction with
single-exposure images is an ill-posed problem.

Event cameras (Gallego et al. 2020) are neuromorphic
sensors that have a high temporal resolution and a high dy-
namic range, and perform well in low light scenarios. Their
superior performance in diverse lighting conditions offers
broader applicability and increased convenience for HDR
imaging tasks. However, current works (Han et al. 2020;
Yang et al. 2023) on HDR reconstruction are based on a
single image or video. Directly applying these event-guided
methods to 3D scene HDR reconstruction is ineffective be-
cause they fail to ensure multi-view consistency (Fig. 1(d)).
Moreover, these methods face additional challenges: They
predefine the relationship between events and images, ig-
noring the impact of the Camera Response Function (CRF)
and exposure time on the relationship between LDR images
and events, leading to different HDR results for LDR images
with different exposures (Fig. 1(c)).

Therefore, to apply single-exposure images and events to
HDR reconstruction of 3D scenes, we need to establish a
new relationship between events and images that 1) incor-
porates factors like exposure times and the CRF, and 2) is
adaptable, adjusting to changes in data distribution.

Our key observations are that “Events indicate logarith-
mic changes in radiance from a scene, while images rep-
resent the integration of radiance over the exposure time,
which is then processed by the CRF.” Based on these obser-
vations, we employ radiance as a bridge to establish a rela-
tionship between events and images. In this relationship, we
consider the CRF, exposure times, intra-exposure and inter-
frame events. Taking into account these factors, our method
can handle scenarios with degraded image quality.

Based on this relationship, we propose an optimization
method based on NeRF. Specifically, we propose establish-
ing relationships between viewpoint and radiance, and be-
tween radiance and LDR image, using two separate MLPs.
The first MLP is designed to model the relationship between
changes in the view of the scene and radiance. This rela-
tionship is primarily constrained by inter-frame events due
to their ability to capture high dynamic range information
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Figure 1: (a). We recover a high dynamic range neural radiance field from single-exposures LDR views and events. Our method
is simpler to operate compared to multi-exposure techniques. (b). When the exposure range of input images in multi-exposure
method (Huang et al. 2022) is narrow, the rendering of novel exposure time can fail. In contrast, our method does not require
a specific exposure range. (c). The event-guided method (Yang et al. 2023) does not take exposure time into account, resulting
in the reconstruction of HDR images with different brightness levels from LDR images with varying exposures. (d). The event-
guided method (Yang et al. 2023) cannot guarantee multi-view consistency; at the white box, the colors from two views are
inconsistent.

about a scene. The second MLP is designed to model the scenes from dynamic 2D images captured with various ex-
relationship between radiance and the resulting LDR image. posures. (Lu et al. 2024) proposes a NeRF method for HDR
This relationship is constrained not only by the parameters panoramic imaging. However, these methods increase oper-
learned by the MLP, such as the CRF but also by intra- ational complexity for users.

exposure events. These events, which occur within the ex- In contrast, our approach utilizes single-exposure images
posure time of a single frame, provide valuable information and events as inputs. Due to the high temporal resolution of
that can help constrain and enhance the quality of the recon- events and their advantageous signal-to-noise ratio in low-
structed LDR image. The results of our experiments indicate light conditions, our method can tolerate degraded images.

that we have achieved state-of-the-art performance in HDR
reconstruction of 3D scenes. The main contributions of this
paper can be summarized as follows,

NeRF for Events. Recent research (Rudnev et al. 2023;
Hwang, Kim, and Kim 2023; Low and Lee 2023; Qi et al.
2023; Klenk et al. 2023; Ma et al. 2023) has sought to inte-

1. We have established a new relationship between events grate events with NeRF to improve neural radiance fields re-
and frames that considers the CRF and exposure time. construction. Given that event cameras only capture changes
2. Based on this relationship, we propose an optimization in intensity rather than absolute values, methods (Rudnev
framework that utilizes events and single-exposure im- etal. 2023; Hwang, Kim, and Kim 2023; Low and Lee 2023)
ages to build high dynamic range radiance fields. This that exclusively depend on events as inputs require the man-
method can effectively reconstruct 3D scenes in HDR ual assignment of a background intensity value. This ap-
even when the input images are degraded. proach could potentially lead to inaccuracies in the intensity

of the reconstructed scene. In response to this issue, other
techniques (Qi et al. 2023; Klenk et al. 2023; Ma et al. 2023)
employ images and events as inputs. However, these meth-
ods presuppose that events are generated by differencing
between two consecutive LDR frames. (Cannici and Scara-

Related Work muzza 2024) considers the gap between events and images,
Neural Radiance Fields but does not account for exposure time. Furthermore, (Chen
et al. 2024) propose an intrinsic decomposition framework
that takes advantage of events for stable decomposition un-

3. Our method can estimate the CRF from events and
single-exposure images and can generate images with
novel views and varying exposure times.

The domain of Neural Rendering has experienced a signifi-
cant increase in interest following the recent introduction of

. : der extreme scenarios.
NeRF (Mildenhall et al. 2021; Liao et al. 2024). In contrast to these previous methods, our model under-
NeRF for HDR. (Mildenhall et al. 2022) introduced a stands the physical imaging relationship between events and
method for reconstructing the high dynamic range neural frames, factoring in exposure time and the CRE.
radiance field from raw data. (Jun-Seong et al. 2022) and .
(Huang et al. 2022) devised techniques to recover the high HDR Reconstruction
dynamic range neural radiance field from a collection of Frame-based HDR Reconstruction. Frames-based HDR
LDR images with different exposures. (Wu et al. 2024) pro- reconstruction methods can be divided into two cate-
pose a dynamic HDR NeRF framework which can learn 3D gories: multi-exposure methods and single-exposure meth-
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ods. Multi-exposure methods (Nayar and Mitsunaga 2000;
Tocci et al. 2011; Kang et al. 2003; Kalantari and Ra-
mamoorthi 2019; Chen et al. 2021a; Chung and Cho 2023)
merge a stack of LDR images with multi-exposure into an
HDR image. Compared to multi-exposure methods, single-
exposure methods (Endo, Kanamori, and Mitani 2017; Rem-
pel et al. 2007; Eilertsen et al. 2017) are simpler to op-
erate. However, these methods lack physical guidance in
over/under-exposed regions, making it an ill-posed problem.
Previous HDR reconstruction methods were based on im-
ages or videos (Yan et al. 2019; Liu et al. 2022; Song et al.
2022; Chung and Cho 2023; Shu et al. 2024; Xu et al. 2024).
With the emergence of NeRF, researchers have begun to ex-
plore HDR reconstruction for 3D scenes (Huang et al. 2022;
Jun-Seong et al. 2022). Currently, these methods rely on
multi-exposure as input.

In contrast, our approach utilizes single-exposure images
and events as inputs.

Event-guided HDR Reconstruction. Event cameras, un-
like conventional RGB cameras, possess the unique ability
to asynchronously record logarithmic changes in radiance,
thereby providing a significantly higher dynamic range and
are applied in many fields (Chen et al. 2021b; Lele et al.
2021; Li et al. 2018). Recent studies (Wang et al. 2019,
2020; Pan et al. 2020; Shaw et al. 2022; Wang et al. 2021)
have investigated the potential of using events to aid in the
transformation of LDR images or videos into HDR format.
(Han et al. 2020) proposed a method that initially recon-
structs intensity maps from events, followed by their fu-
sion with the LDR image in the intensity domain. Subse-
quently, (Yang et al. 2023) introduced a multimodal learn-
ing strategy aimed at converting LDR videos and events into
HDR videos. (Cui et al. 2024) utilizes color events in single-
exposure HDR imaging. (Zou et al. 2024) utilizes a recurrent
convolutional neural network that reconstruct high-speed
HDR videos from event steams.

The difference between our method and others lies in the
fact that our method is an optimization method and can also
learn the CRF. Because of this, we can achieve consistent
HDR results using inputs from LDR images captured under
various exposure settings and are not affected by data bias.

Preliminary

Event generation model. An event e; = (x,t,p) at pixel
position x = (u,v) and time ¢ with polarity p € {—1,+1}
is generated when the logarithmic change of brightness L
since the last event at the pixel x and time ¢ — At exceeds a
threshold © (© > 0) and the event e can be represented:

€ = L(ln(Lt) - hl(Ltht))/GJ : (D

Consistent with the perspective of (Yang et al. 2023), we
regard brightness L as the radiance within the scene.

Neural Radiance Field. NeRF (Mildenhall et al. 2021) is
formulated as: (h(r),o(r)) = F(r). Radiance h and den-
sity o represent the outputs of the radiance field F', with ray
r defined by r(s) = o + sd, where o denotes the ray’s ori-
gin, d its direction, and s denotes a position on the ray. The

2378

Fmmm o
d CRF

1= ntegration
{<€—Differentiation
l<4—Radiance Reconstruction |
! HDR Reconstruction

Events

LDR Frame

Figure 2: Schematic of the events-radiance-frames relation-
ship. Radiance can serve as a bridge connecting events and
frames. Within this relationship between events and frames,
we consider factors such as exposure time and the Camera
Response Function (CRF).

expected color C is defined as:

/ o (‘ / (’“(p))dp) o (x(s))h(x(s))ds.
2
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Proposed Method

In this section, we establish the relationship between events
streams and single-exposure frames. Based on this rela-
tionship, we propose an optimization framework, called
EvHDR-NeRF, to build high dynamic range radiance fields.

Modeling

In response to the requirements outlined in the introduction
regarding the relationship between events and images, we
model this relationship. Our observations are that “Events
indicate logarithmic changes in radiance from a scene, while
frames represent the integration of radiance over the expo-
sure time, which is then processed by the CRF”. Based on
this observation, we employ radiance as a bridge to establish
a relationship between events and frames (shown in Fig. 2).
Following Eq. (1), the radiance R can be expressed as,

Rt,- = Ry, eXP(GEt;—m), €)]

where Ry, ., stands for radiance at time ¢ y; j3, © is a thresh-

old and EAtiﬁt]. represents the observed accumulation of
events from time ¢; to ¢;, which is in the form of a matrix2.

The relationship between events streams and frames can
be mathematically expressed as,

“4)

Iipr = ferr(Iapr),

tj R
IHDR = / J‘?tieXp(@Eaxgt)dt7

t;

o)

%In this paper, we use  to denote the observed data.



where I pr represents LDR frame, fcrp is CRF, Iypg rep-
resents HDR frame (the integration of radiance over the ex-
posure time) and the term £}, represents observed accu-
mulation of events during the exposure time (from ¢; to ¢;).

To better decouple the variables, following (Huang et al.

2022), we reformulate Eq. (4) in the logarithmic space,
ILDR = g(ln(Rt,) + ln(At) + 111(5)), (6)

1 b ex
E = (At /m eXp(@Etif,t)dt) , )

where G = (Infghp) ! and At = t; — t;>. Unlike (Huang
et al. 2022), Eq. (6) takes into account the events streams
that occur within the exposure time.

In exploring the relationship between radiance and
frames, we consider two key factors: the CRF and the in-
tegration of radiance over the exposure time. Compared to
other event-guided HDR reconstruction methods (Yang et al.
2023), our approach takes into account the integration of ra-
diance over the exposure time. Additionally, we have access

to the events Efjgt, enabling us to effectively handle situ-
ations with motion blur (see Fig. 4 and Fig. 5). Due to the
higher signal-to-noise ratio of events compared to images
under low-light conditions. The relationship we have estab-

lished can tolerate image degradation.

EvHDR-NeRF

Overview. In this section, we propose our HDR recon-
struction framework, called EVHDR-NeRF. The function G
is difficult to estimate from observations that have a con-
stant exposure time, so we treat it as a learnable variable and
use an MLP is used to interpolate its value for unobserved
exposure times. Additionally, directly computing the high
dynamic range radiance R; is challenging due to its com-
plexity. Therefore, we represent R, as a high dynamic range
radiance field and use another MLP, named F, to learn and
model its characteristics. The architecture of our model, in-
cluding these components, is detailed in Fig. 3.

Events for Radiance Estimation. Our objective is to cap-
ture the radiance that has a high dynamic range. Events
inherently exhibit this high dynamic range. Consequently,
events serve as an ideal constraint for guiding MLP F dur-
ing the learning process. We can revise Eq. (3) to express the
computation of events in the context of radiance values,

In(Ry;) — In(Ry;)
e &

We employ accumulated events Etiﬁtj as a supervisory
signal to guide the MLP F. This method serves to signifi-
cantly reduce the effect of noise intrinsic to the events. As
a result, it substantially improves the network’s resilience.
Like (Rudnev et al. 2023), we optimize the implicit func-
tions F using events by constraining them by minimizing
the mean squared error (MSE). The events reconstruction
loss is formulated as,

‘Ce Z ||EA‘ti4)t]' - Etiﬁtj H2
reR(P)

3 At represents the exposure time and can be obtained from
event timestamps.

Etg,—)tj =

®
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Figure 3: (Top) Setup. Consider a scenario where a hy-
brid camera system is continually recording data within a
scene, yielding a series of LDR frames and their correspond-
ing events; (Bottom) Framework Overview. The two rays
T{¢;t;} sequentially enter the HDR radiance field (MLP F)
to generate radiance Ry, ;1 from two viewpoints. The MLP
G receives radiance R and the accumulation of events during

an exposure time Efj‘gt as its inputs and produces the LDR
color Cp, . as its output. In the diagram, we have omitted
the process of sampling the 3D points on each ray and inte-

grating the output colors of each 3D point.

Frames for Radiance Estimation. However, relying
solely on events to estimate radiance proves to be insuffi-
cient, as events provide only differential information about
the radiance as indicated by Eq.(8), without the ability to
establish absolute radiance values. Fortunately, LDR frames
offer these ‘absolute radiance values’, even though they are
influenced by the CRF. Therefore, it is essential to also uti-
lize LDR frames to impose constraints on the network. In-
corporating this constraint allows us to mitigate the differen-
tial nature of Eq. (8) and achieve a complete representation
of the radiance.

Specifically, we optimize the implicit functions G using
frames by constraining them through the minimization of
MSE. The image reconstruction loss is formulated as,

Z HéILDR,(r) - CILDR.(r)||27

reR(P)

Le

(10)

where C, . (r) represents the color value of a pixel in LDR
image It pR.

Additionally, we use the unit exposure loss £, from
(Huang et al. 2022) to better constrain G. And the unit expo-
sure loss £,, can be defined as,

L, =6(0) = Coll3,

where C is the midpoint of the pixel value.

(1)



The final loss function is as follows,
£:£e+/\c£c+)\u£ua (12)
where A(c .y = {1,0.5} denotes the weight of those loss.

Implementation Details. We base our implementation
on (Huang et al. 2022), utilizing the Adam opti-
mizer (Kingma and Ba 2014) with an initial learning rate of
5x 104, decaying exponentially to 5x 10~° over 200K iter-
ations. We set the threshold © to 0.3. The optimization runs
on a single NVIDIA RTX3090 GPU for around 16 hours.

Experiments
Dataset and Metrics

Metrics. Our experiments utilize standard metrics such
as PSNR (Hore and Ziou 2010), SSIM (Hore and Ziou
2010), and LPIPS (Zhang et al. 2018) to evaluate HDR
reconstruction. Consistent with common practice and fol-
lowing (Huang et al. 2022; Yang et al. 2023), we analyze
HDR outputs tone-mapping using the u-law. And the tone-
mapping is expressed as:

_ log(1 + pE)
M(E) = log(1+p)

where g is the compression level set at 5000, and F is the
scaled HDR pixel value within [0, 1].

Synthetic Data. To compensate for the absence of a
dataset comprising HDR images, blurred images, low-light
images, and events, we augmented the synthetic dataset
from (Huang et al. 2022) with blurred images, low-light
images and events using methods from (Qi et al. 2023),
(Liang et al. 2023) and (Yang et al. 2023). We crafted three
data variants—over-exposed, blurred and under-exposed im-
ages—to facilitate cross-task comparisons, resulting in three
composite datasets (Over-Exposed, Blur, Under-Exposed).
The dataset features eight scenes, each with 35 viewpoints,
using 17 images and their corresponding events from each
scene for training, with the rest allocated for testing.

Real-World Data. To test the robustness of our ap-
proach, we collected real data using the DAVIS 346C
sensor from three scenes, capturing 6-second monocular
videos (each video is about 6 seconds and 200 frames)
with events and frames. Frame poses were estimated using
COLMAP (Schonberger and Frahm 2016). We sampled 35
evenly distributed frames to form our dataset, segmenting
the events based on the frames’ timestamps.

13)

Comparison with State-of-the-Art Methods

We selected two types of SOTA HDR reconstruction meth-
ods in recent years for comparison: two NeRF-based meth-
ods (Huang et al. 2022; Wu et al. 2024) and one event-
guided method (Yang et al. 2023). Furthermore, we used the
event-guided approach (Zhang et al. 2023; Yang et al. 2023)
to enhance the degraded images before entering them into
the NeRF-based method (Huang et al. + X)*. Finally, we

“In the Blur and Under-exposed datasets, X represents the
method (Zhang et al. 2023) and (Yang et al. 2023), respectively
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Figure 4: Qualitative comparison of HDR reconstruction on
our synthetic datasets.(From left to right: Over-Exposed,
Blur, Under-Exposed)

Input Yang et al. Huang et al.

Figure 5: Qualitative comparison of HDR reconstruction in
real-world data (top: sharp images as input; bottom: blurry
images as input).

compared three event-based NeRF methods (Rudnev et al.
2023; Low and Lee 2023; Klenk et al. 2023) that exclusively
use events as input.

Comparison with HDR Methods. Table 1 showcases
the quantitative results, indicating our method’s superiority.
Shown in Fig. 4, Huang et al. encounters difficulties in dis-
cerning details within areas of over-exposure. In contrast,
Yang et al. capitalizes on the advantages of events to suc-
cessfully reconstruct details in the over-exposed parts. How-
ever, as a data-driven approach, it tends to produce results
with a yellow color shift. When dealing with blurry images,
Huang et al. struggles as the misalignment between images
taken at different exposures can lead to unsuccessful recon-
struction. In underexposed scenarios, Huang’s method strug-
gles to reconstruct details in dark areas due to noise interfer-
ence. In contrast, our approach leverages the high signal-
to-noise ratio of events in low-light conditions, successfully
reconstructing these details. Fig. 5 displays comparative re-



Over-Exposed Blur Under-Exposed
PSNRT SSIMt LPIPS| PSNR1 SSIMt LPIPS| PSNR?T SSIMT LPIPS|
Yang et al. 1691 0.7443  0.1972 15.86 0.6261 0.2950 16.48 0.3545  0.8270
Huang et al.! 24.15 0.7800  0.1599 15.73 04472  0.4816  17.9680 0.5506  0.4095
Wu et al. 24.70 0.6648  0.1509 14.31 0.4221 0.5285 17.62 0.4590  0.4911
Huang etal. + X — — — 13.62 059018 0.3136 12.517 03074  0.7546
Ours 28.95 09162  0.0586 28.3245 0.9002  0.0850 28.01 0.8831  0.1615

! Huang et al. needs inputs of images with two-exposure. We doubled the original exposure to meet input requirements,

using images from both exposures for input.

Table 1: Quantitative comparisons of HDR reconstruction (input view) in our synthetic datasets. In the Blur and Under-exposed
datasets, X represents the method Zhang et al. and Yang et al., respectively. 1 (| ) means higher (lower) is better.

Figure 6: Qualitative comparisons with combination of
SOTA methods.

sults from real-world scenarios. It is observable that Yang
et al. retains a yellowish tint, in line with its performance
on synthetic data. Huang et al. shows color inaccuracies, es-
pecially evident on the colorimetric card. Conversely, our
method effectively recovers the texture of the overexposed
desk area. When a blurry image is used as the input, our
method successfully reconstructs HDR images.

Novel View & Novel Exposure Time. Similar to Huang
et al., our method is also capable of rendering novel views
and novel exposure times. Table. 2 outlines the quantitative
evaluations for synthesizing novel views, with our approach
maintaining strong performance across multiple datasets.
Fig. 7 shows visualizations in new exposure settings, high-
lighting our model’s effective scene interpretation and its
ability to enhance LDR images to HDR quality by using
events and single-exposure LDR frames. Nonetheless, we
observed a limitation in Huang et al., particularly when the
exposure times during training and testing diverge markedly.
The network’s performance may degrade, presumably be-
cause it learns mappings close to the training exposures and
cannot easily extend to vastly different ones. Fig. 7 (right)
compares our estimated CRF curves with those from Huang
et al.. The ability to learn the CRF from multi-exposure im-
ages hinges on having a broad range of input exposures; oth-
erwise, CRF estimation can be inaccurate.

Impact of Input Exposure Range on CRF Estimation.
We investigated how varying the range of input exposures
affects the CRF estimation in Huang et al. We experimented
with three different exposures, expanding beyond the previ-
ously used double exposures. As evidenced in Fig. 8, when
the exposure time range is limited to [2,16], Huang et al.
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Figure 7: Top: Qualitative comparison of rendered novel
LDR view with a novel exposure in Over-Exposed dataset.
The error maps and zoom-in insets are provided at the bot-
tom. Bottom: Discrete CRFs estimated by Huang et al. (Left)
and by our method on synthetic dog scene (Right).

does not reconstruct the CRF accurately. Remarkably, our
method can approximate the performance of Huang et al.
with a wide exposure range of [0.5,16] using just a single
type of exposure. This underscores our method’s efficiency
in CRF reconstruction with limited exposure diversity.

We do note a visible difference between our CRF curve
estimation and the ground truth at the extremity of short ex-
posure times (left side). This is due to two main reasons:



Huang et al. Ours

Exposure
time range [0.0625, 16] [0.5, 16] [2, 16] [4, 16] Single-exposure
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Figure 8: Discrete CRFs estimated by Huang et al. with varying exposure range and qualitative results of HDR reconstruction
on our Over-exposed dataset. (The blue region indicates the exposure range covered in the logarithmic domain). When the
exposure time range is limited to [2,16], Huang et al. does not reconstruct the CRF accurately. Remarkably, our method can
approximate the performance of Huang et al. with a wide exposure range of [0.5,16] using single-exposure images.

Over-Exposed Blur Under-Exposed
PSNR1 SSIMt LPIPS| PSNR{1 SSIMtT LPIPS| PSNRT SSIM?T LPIPS |

Huangetal. 24.0275 0.7718  0.1639 16.0738 0.4555 0.4914 17.8692 0.7417  0.1883
Ours 29.4243  0.9210  0.0562 28.8037 0.9086  0.0784 27.7480 0.8763  0.1642

Table 2: Quantitative performance comparison of novel view in our synthetic datasets. 1 (] ) means higher (lower) is better.
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Figure 9: Qualitative comparison with the event-based NeRF Figure 10: Ablation study: Discrete CRFs estimated by our
methods in our synthetic datasets. method on synthetic dog scene: (a) the gamma value is set
to 1/2.2; (b) the gamma value is set to 1/5.
first, events only provide incremental information, which is
insufficient for full HDR capture. Second, the overexposure ] o )
bias in our inputs skews the exposure times towards the right 1/ 5). As depicted in Fig. 10 (right), our methodolpgy con-
segment of the CRF curve. This leads to a more precise fit tinues to successfully learn the fresh mapping relationship.

on the right than on the left of the estimated CRF curve.

Comparison with Event-based NeRF. We also specifi- Conclusion
cally compare our approach with event-based NeRF meth-
ods. As seen in Fig 9, methods relying solely on events as
input result in significant color deviation from the ground
truth. This arises from events encapsulating only relative
brightness relationships, requiring these methods to impose
constraints with a fixed background value.

In conclusion, we present EVFHDR-NeRF to recover a high
dynamic range radiance field from event streams and a set of
LDR views with single exposures. Using the EVFHDR-NeRF,
we can generate both novel HDR views and novel LDR
views under different exposures. The key to our method

Effectiveness of Estimating Discrete CRFs. To authen- is to model the new relationship between events streams
ticate if our methodology has indeed grasped the camera and LDR images, which considers both the CRF and expo-
response function, we reconstructed LDR images utilizing sure time. Experimental results demonstrate that our method
HDR images. This process distinguishes itself from previous achieves state-of-the-art HDR reconstruction, providing a
approaches as we refined the transformation function from more adaptable and accurate solution for complex imaging
HDR to LDR (the gamma value was adjusted from 1/2.2 to applications.
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