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Abstract

Neural Radiance Fields (NeRF) has achieved remarkable suc-
cess in synthesizing impressive novel views. However, exist-
ing methods usually fail to handle scenes with adverse light-
ing conditions caused by external time variations and differ-
ent camera settings, leading to poor visual quality. To address
this challenge, we propose a physical-aware NeRF for ef-
ficient exposure correction, named PHY-NeRF. Specifically,
we design Adaptive Lighting Particles inspired by the theory
of light scattering and absorption, which can adjust the il-
lumination intensity during volume rendering. Subsequently,
we can handle scenes with different lighting conditions by
jointly optimizing camera parameters and these lighting par-
ticles. Moreover, to promote natural brightness transitions,
we devise a global illumination consistency module to con-
trol the lighting intensity across views at the feature level
while completing more details. Benefiting from the above de-
signs, our PHY-NeRF can tackle arbitrary low-light or over-
exposed scenes in an unsupervised manner. Extensive exper-
iments show that our PHY-NeRF achieves state-of-the-art re-
sults in addressing adverse lighting problems while ensuring
high rendering efficiency.

Introduction
3D scene reconstruction and rendering are long-standing
problems in computer vision. Over the past few years, the
emergence of Neural Radiance Fields (NeRF) (Mildenhall
et al. 2020) has promoted the development of this field,
which can synthesize high-quality novel views from only a
set of 2D images. However, a notable shortcoming of NeRF
is that the input images are taken under normal lighting con-
ditions, i.e., there should not be regions that are excessively
dark or bright. Unfortunately, variations in the capture time,
e.g., high light in the morning and low light in the evening, as
well as differences in camera exposure settings, e.g., longer
exposures produce brighter images, result in the appearance
of low light or overexposed images. These abnormal images
obscure scene details and distort the original color due to
lower or higher photons, making it impossible for NeRF to
generate high-quality images (see Fig. 1 (a) (b)).
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Figure 1: Due to the defects of volume rendering, NeRF can-
not handle scenes with abnormal lighting (a) (b). By adopt-
ing adaptive lighting particles, PHY-NeRF can take low-
light and overexposed multi-view images as input and syn-
thesize novel views under adverse light (c) (d).

Recently, several methods have been proposed to solve
the problem of training NeRF in abnormal lighting condi-
tions. The initial way is to directly preprocess the input im-
age or post-process the NeRF-rendered image using expo-
sure correction methods (Nsampi, Hu, and Wang 2021; Cui
et al. 2022; Huang et al. 2023a). Although these methods
can correct brightness, they tend to learn specific brightness
mappings and cannot deal with multi-view inputs, which
makes them incapable of being directly applied to real 3D
scenes. As a potential solution, Aleth-NeRF (Cui et al. 2024)
deals with challenging lighting scenes by proposing the as-
sumption of concealing fields. It exploits local and global
concealing fields to adapt dark scenes, achieving favorable
results in challenging lighting scenes but has low overall ren-
dering efficiency.

To address the above challenges, we analyze the physical
properties of light transmission based on the theory of light
scattering and absorption. As shown in Fig. 2 (a), the bright-
ness or darkness of the scene is achieved through the inter-
action between light and objects, and the ability to adjust
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Figure 2: Adaptive Lighting Particles have a negative corre-
lation with density (a). Pixel distribution of low-light, nor-
mal, and overexposed images in five scenes (b).

light becomes weaker as the density of the object increases,
e.g., light is reflected in low-density areas and converted into
other forms of energy in high-density areas. We also visual-
ized the pixel distribution of images with different illumina-
tion as shown in Fig. 2 (b). The pixel distribution of normal
illumination is mostly based on the middle range, while the
pixels of abnormal illumination tend to be either too low or
too high. Therefore, we aim to exploit the physical proper-
ties to change the brightness level during NeRF training to
adaptively deal with any lighting scenes.

In this paper, we propose the physical-aware NeRF (PHY-
NeRF) to effectively handle low-light and overexposed
scenes. Based on the above analysis, we design Adaptive
Lighting Particles in the volume rendering process of NeRF,
which can weaken the illumination intensity in low-light
scenes and enhance it in overexposed scenes to address ad-
verse lighting problems (see Fig. 1 (c) (d)). In addition, we
devise a feature-based global consistency illumination mod-
ule to promote natural lighting transitions. This module uti-
lizes the feature-level illumination consistency loss to con-
strain cross-view brightness transfer while preventing learn-
ing its geometry into external illumination. Experimental re-
sults show that our PHY-NeRF can generate high-quality
normal lighting scenes on challenging illumination datasets
with high overall rendering efficiency. Our contributions can
be summarized as follows:

• We propose a PHY-NeRF that can efficiently handle low-
light and overexposed scenes while synthesizing novel
views with normal lighting.

• We design Adaptive Lighting Particles in the volume ren-
dering process to adjust the brightness of spatial points,
enabling PHY-NeRF to handle scenes with different
lighting conditions.

• We devise a feature-based global consistency illumina-
tion module to promote natural transitions of brightness
while complementing local details.

• Extensive experiments have shown that our PHY-NeRF
is superior to existing methods in terms of effectiveness
and efficiency in dealing with abnormal lighting scenes.

Related Works
Novel View Synthesis with NeRF
With the development of neural representation (Tewari et al.
2020) and volume rendering (Lombardi et al. 2019), Neural
Radiation Fields (NeRF) (Mildenhall et al. 2020) has been
proposed to represent scenes by synthesizing new views
based only on a set of 2D datasets and the corresponding
camera parameters, without the need to model the explicit
shape of each object. Due to its simplicity and effectiveness,
many subsequent works have attempted to explore the archi-
tecture and applications of NeRF. Most of the former works
address the shortcomings of NeRF itself, such as slow train-
ing speed (Fridovich-Keil et al. 2022; Müller et al. 2022) and
poor generalization (Wang et al. 2021; Suhail et al. 2022).
Some of the latter works consider how to apply NeRF to
more challenging scenes, including blur (Wang et al. 2023b),
occlusion (Zhu et al. 2023; Ren et al. 2024), reflection (Zeng
et al. 2023), super-resolution (Huang et al. 2023b), etc.

There are also some works dealing with image illumina-
tion. Appearance editing (Martin-Brualla et al. 2021; Chen
et al. 2022; Yang et al. 2023) achieves style transfer from
different views by introducing appearance embedding vec-
tors, but is usually unable to deal with adverse lighting
scenes. Early approaches to deal with adverse lighting, such
as RAW-NeRF (Mildenhall et al. 2022) and HDR-NeRF
(Huang et al. 2022), can handle low-light, noisy camera raw
images, but have difficulty processing sRGB images of real
scenes. Subsequently, LLNeRF (Wang et al. 2023a) utilizes
Retinex theory to decompose the radiation field for sRGB
low-light image enhancement, but it cannot be applied to
overexposed images. Furthermore, Aleth-NeRF (Cui et al.
2024) can handle abnormal lighting scenes by constructing
concealing fields to change the transmission function, but it
performs poorly in overexposed scenes due to problems with
concealing field modeling. In contrast, our PHY-NeRF can
handle both underexposed and overexposed scenes with re-
markable results by adopting adaptive lighting particles and
a feature-based global light consistency module.

Image Enhancement and Exposure Correction
Low light and overexposed images make processing image
work extremely difficult due to color distortion. Several low-
light enhancement and exposure correction methods have
been proposed to cope with these adverse lighting condi-
tions. Specifically, low-light enhancement aims to improve
the visibility of captured images in low-light conditions.
Early methods are based on Retinex theory (Land 1986) or
Histogram Equalization (Tomasi and Manduchi 1998), but
with the rapid development of deep learning, many methods
based on CNN (Guo et al. 2020; Afifi et al. 2021), Trans-
former (Cai et al. 2023) and even generative models (Zhou,
Yang, and Yang 2023; Shang et al. 2024). These methods
have now become mainstream. Similar to low-light enhance-
ment, exposure correction aims to simultaneously deal with
bright and faded areas caused by overexposure, or dark ar-
eas resulted from underexposure. Early methods are also
based on Histograms (Nayar and Branzoi 2003) to adjust the
brightness of images. With the addition of training models,
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Figure 3: Pipeline of our PHY-NeRF. We handle different lighting scenes by proposing Adaptive Lighting Particles α. In
addition, to promote a more natural transition of lighting, we adopt the illumination vector ℓi generated by the feature-level
lighting consistency module. Benefiting from the above designs, we achieve the synthesis of normal illumination views under
adverse lighting conditions.

many subsequent works (Nsampi, Hu, and Wang 2021; Cui
et al. 2022; Huang et al. 2023a) have also been proposed to
remove exposure errors.

Most low-light enhancement and exposure correction
methods are for 2D single images and are usually not di-
rectly transferable to 3D scenes. The main reason is that
these methods usually fail to utilize the geometry of scenes,
which destroys 3D consistency and leads to blurring and ar-
tifacts in the rendered views. Compared to these methods,
our method synthesizes high-quality views while maintain-
ing multi-view consistency.

Methods
Given a collection of photos with low light and over-
exposure, we aim to reconstruct normal-lighting scenes and
synthesize corresponding novel views. We first briefly re-
view the vanilla-NeRF and then describe how the adaptive
lighting particles adjust the light intensity to deal with differ-
ent lighting scenes. Subsequently, we explain how to achieve
reasonable transitions in brightness by designing a feature-
based global illumination consistency module. Fig. 3 illus-
trates the proposed PHY-NeRF pipeline. Finally, we show
how to train our model utilizing an effective unsupervised
approach.

Preliminary
Neural Radiance Fields implicitly represents the scene given
a set of images {Ii}Ni=1 and camera parameters using a
continuous volume function Fθ. NeRF learns to render the
color of each pixel C(r) for a ray r. It maps 3D points
x = (x, y, z) and viewing directions d = (dx, dy, dz) to
volume densities σ and colors c = (r, g, b), modeled as two
multilayer perceptrons (MLP). Over the entire process, this
is given by

(σ, z(t)) = Fθ1(γx(x)), (1)

c = Fθ2(γd(d), z(t)), (2)

where θ1, θ2 are the MLP parameters, γx(·), γd(·) are the
fixed encoding functions for x and d respectively. To ren-
der the color of each pixel in the image, NeRF uses dis-
crete quadrature to approximate the volume rendering inte-
gral, letting the camera ray r(t) = o + td accumulate all the
radiance along the ray from the given camera origin o and
the direction d to render its corresponding pixel value Ĉ(r)
as:

Ĉ(r) =
K∑

k=1

Tk(1− exp(−σkδk))ck, (3)

Tk = exp(−
k−1∑
l=1

σlδl), (4)

where ck and σk are the color and density at the point tk of
the ray, δk = tk+1 − tk is the distance of adjacent points be-
tween the near and far planes of the ray sampling. Function
Tk corresponds to the accumulative transmittance of the ray
from the near plane to point tk.

NeRF employs coarse and fine models for hierarchical
sampling to improve the sampling efficiency. All parame-
ters are optimized by minimizing the photometric loss given
the true color C(r) as follows:

Lrgb =
∑∥∥∥Ĉc(r)− C(r)

∥∥∥2
2
+
∥∥∥Ĉ

f
(r)− C(r)

∥∥∥2
2
, (5)

where Ĉ
c
(r) and Ĉ

f
(r) are the coarse and fine models, re-

spectively.

Adaptive Exposure Control
The rendering performance of NeRF is degraded due to its
problem in modeling adverse brightness scenes. To address
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this issue, we consider modifying the vanilla-NeRF volume
rendering way to handle different brightness scenes.

We analyze in physical properties that space objects ad-
just their external brightness by interacting with light. Based
on this analysis, we propose the Adaptive Lighting Particles
to solve the problem of adverse brightness. These particles
define the ability of the 3D spatial point at r(t) to adjust the
external lighting intensity, denoted as α(r(t)). As shown in
Fig. 2 (a), the particles at each spatial point are negatively
correlated with their density (the red dashed line). This veri-
fies that the ability of an object to adjust light is independent
of its density, so these particles rarely participate in scene
reconstruction and only adjust the intensity of external light-
ing. Spatial points with high adjustment ability are usually
located in areas with lower density, i.e., in the air outside the
object.

Fig. 3 shows our training strategy for designing adaptive
lighting particles. α(r(t)) is fed into a separate MLP condi-
tioned on the intermediate representation z by the density
MLP and learned separately for each 3D position. In the
NeRF rendering process, we consider external lighting to be
the same for every point. However, the ability of each point
to adjust the light is diminished because the spatial points in
front of each point occlude the points behind it. Therefore,
we devise a convolutional layer to establish spatial infor-
mation between different 3D points and enrich the lighting
information, which can also effectively suppress noise and
help achieve more reasonable rendering results. The formula
is as follows:

α(r(t)) = conv (Fθ3(z(t))) . (6)

We similarly discover that the pixels of abnormal expo-
sure images are generally concentrated on the sides com-
pared to normal levels (see Fig. 2 (b)). Following this dis-
covery, our PHY-NeRF applies adaptive lighting particles to
simulate light suppression or enhancement process, model-
ing these abnormal lighting scenes. The lighting particle α
for each 3D point lies in the interval [0,1], multiplying it
corresponds to weakening the brightness while dividing in-
creases brightness. Applying it to Eq. (3), we get the follow-
ing equations:

Ĉlow(r) =
K∑

k=1

αkTk(1− exp(−σkδk))c, (7)

Ĉover(r) =
K∑

k=1

Tk

αk
(1− exp(−σkδk))c, (8)

where Ĉlow(·), Ĉover(·) correspond to rendered views of
underexposed and overexposed scenes. To prevent the pix-
els from being out of range when applying these operations,
we introduce the tanh function for normalization. Later ex-
periments justify our design to handle scenes with different
brightness.

Global Illumination Consistency
We can deal with scenes of different brightness by jointly
optimizing NeRF and adaptive lighting particles. However,

directly applying exposure correction on images may make
lighting transitions unnatural and lose local details. To ad-
dress these issues, we design a global consistency illumina-
tion module by utilizing a latent encoding method at the fea-
ture level to learn external illumination. The reference im-
age IR passes through a CNN-based encoder Eθ to obtain a
feature map, which is guided to an average pooling layer to
generate the corresponding illumination embedding vectors
ℓi for each image:

ℓi = AvgPooling(Eθ(IR)), (9)

we replace the color c in Eq. (2) with the color cℓi related to
the external illumination:

cℓi = Fθ2 (γd(d), z(t), ℓi) . (10)

However, implementing illumination migration on mis-
matched image pairs is inherently inappropriate and we must
add additional constraints. Inspired by generating potential
optimization methods (Bojanowski et al. 2017), we attempt
to map images to potential spaces and propose a feature-
based loss of global illumination consistency:

Lf =
∥∥∥AugPooling(Eθ

(
Înor)

)
− ℓi

∥∥∥
1
, (11)

where Înor is a normal lighting rendered image. We embed
the illumination vector ℓi extracted by the illumination en-
coder Eθ and try to adopt it in different views. Since the il-
lumination information is a global representation across dif-
ferent reference images, we can compensate for the missing
details due to illumination changes. In addition, to prevent
encoding image geometry into the lighting vector, we devise
a regularization constraint inspired by the work of MSGAN
(Mao et al. 2019):

Lms = max

(
Înor − Îdeg
ℓ̂nor − ℓ̂deg

)
, (12)

where (·)nor, (·)deg represent generation under normal and
adverse lighting conditions, respectively. The total loss is as
follows:

Lg = Lf + λmsLms, (13)
where the first term is balanced by the second term, and λms

is a hyperparameter set to 1e−3.

Optimization
To implement PHY-NeRF, we propose an unsupervised loss.
We slightly modified the photometric consistency loss of the
NeRF as follows:

Lrgb =
∑∥∥∥Ĉc

d(r)− Cd(r)
∥∥∥2
2
+
∥∥∥Ĉ

f

d(r)− Cd(r)
∥∥∥2
2
,

(14)
where Ĉd(·) represents rendered low-light or overexposed
pixel and Cd(·) represents GT adverse pixel.

Inspired by Zero-DCE (Guo et al. 2020), we utilize
image-level brightness consistency loss, spatial structure
loss, and color constancy loss. These three losses can be ex-
pressed as:

Lbc =
∥∥∥Mean(Ĉn(r))− a

∥∥∥2
2
, (15)
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(j) Aleth-NeRF (k) PHY-NeRF(Ours) (l) Ground Truth(g) NeRF (h) RetiNexNet+NeRF (i) Zero-DCE+NeRF

(d) Aleth-NeRF (e) PHY-NeRF(Ours) (f) Ground Truth(c) MSEC+NeRF(b) HE+NeRF(a) NeRF

Figure 4: Qualitative results of different methods on the overexposed scene dataset.

and

Lss =
∑

r′∈Ω(r)

(
Ĉn(r)− Ĉn(r

′
)
)
− c

(
Cd(r)−Cd(r

′
)
)
,

(16)
and

Lcc =
∑

(p,q)∈ε

(
Ĉn(r)

p − Ĉn(r)
q
)2

, (17)

where Ĉn(·) represents rendered normal lighting pixel.
a and c represent the exposure intensity and contrast,
respectively. Ω(r) are the four adjacent pixels (above,
below, left, and right) centered at pixel r, and ε =
{(R,G), (R,B), (G,B)} denotes the color channel pair.

To summarize, the total unsupervised loss of our training
process is expressed as:

Ltotal = Lrgb + λgLg + λbcLbc + λssLss + λccLcc, (18)

where λg, λbc, λss, λcc are the hyperparameters for balanc-
ing the total loss weights, which are set to 1e−3, 1e−3, 1e−3,
1e−8, respectively.

Experiments
Experimental Settings
Datasets. We use the previously collected dataset of
Aleth-NeRF (Cui et al. 2024), including low-light, normal-
light, and over-exposure multi-view images. In this dataset,
a total of 5 scenes in the real world (”buu”, ”chair”, ”sofa”,
”bike”, ”shrub”) are collected. Each scene ranges from 25
to 48 images, and the resolution of each view image is 375
× 500. In each scene, we select 3 ∼ 5 images as the test
set, 1 image as the validation set, and the other images as
the training set. We also use the normal light images from
the LOw Light paired dataset (LOL) (Wei et al. 2018) as the
reference images, containing 500 low light and normal light
image pairs, each with a 400 × 600 resolution.
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Method
buu chair sofa bike shrub mean

PSNR/ SSIM/ LPIPS PSNR/ SSIM/ LPIPS PSNR/ SSIM/ LPIPS PSNR/ SSIM/ LPIPS PSNR/ SSIM/ LPIPS PSNR/ SSIM/ LPIPS
① Over-Exposure Scene

NeRF 7.12/ 0.674/ 0.499 11.05/ 0.741/ 0.418 10.22/ 0.783/ 0.475 9.65/ 0.698/ 0.416 9.96/ 0.405/ 0.480 9.60/ 0.660/ 0.457
NeRF + HE 14.34/ 0.613/ 0.673 15.37/ 0.661/ 0.590 16.69/ 0.733/ 0.558 15.32/ 0.627/ 0.458 11.97/ 0.468/ 0.556 14.74/ 0.620/ 0.567
NeRF + IAT 14.11/ 0.780/ 0.433 19.24/ 0.810/ 0.491 16.60/ 0.837/ 0.459 17.73/ 0.760/ 0.394 14.05/ 0.381/ 0.499 16.35/ 0.714/ 0.455
NeRF + MSEC 16.13/ 0.800/ 0.427 15.60/ 0.786/ 0.472 16.56/ 0.807/ 0.495 12.60/ 0.716/ 0.465 13.66/ 0.332/ 0.509 14.91/ 0.688/ 0.473
HE + NeRF 14.65/ 0.743/ 0.519 15.55/ 0.736/ 0.497 17.11/ 0.781/ 0.477 15.77/ 0.692/ 0.367 12.61/ 0.506/ 0.622 15.13/ 0.692/ 0.496
IAT + NeRF 16.22/ 0.815/ 0.486 18.98/ 0.799/ 0.503 18.45/ 0.849/ 0.478 19.63/ 0.776/ 0.408 15.63/ 0.434/ 0.477 17.78/ 0.734/ 0.470
MSEC + NeRF 15.53/ 0.817/ 0.499 16.95/ 0.758/ 0.580 19.60/ 0.817/ 0.498 18.90/ 0.725/ 0.483 15.48/ 0.400/ 0.499 17.29/ 0.703/ 0.512
Aleth-NeRF 16.78/ 0.805/ 0.611 20.08/ 0.820/ 0.499 17.85/ 0.852/ 0.458 19.85/ 0.773/ 0.392 15.91/ 0.477/ 0.483 18.09/ 0.745/ 0.488
PHY-NeRF (Ours) 22.51/ 0.858/ 0.407 25.48/ 0.839/ 0.413 19.32/ 0.876/ 0.434 21.64/ 0.799/ 0.393 17.97/ 0.447/ 0.527 21.38/ 0.764/ 0.435

② Under-Exposure Scene
NeRF 7.51/ 0.291/ 0.448 6.04/ 0.147/ 0.594 6.28/ 0.210/ 0.568 6.35/ 0.072/ 0.623 8.03/ 0.031/ 0.680 6.84/ 0.150/ 0.582
NeRF + RetiNexNet 11.64/ 0.646/ 0.395 11.04/ 0.631/ 0.561 12.85/ 0.738/ 0.527 17.79/ 0.653/ 0.550 11.85/ 0.211/ 0.583 13.03/ 0.576/ 0.523
NeRF + Zero-DCE 17.81/ 0.833/ 0.357 12.44/ 0.684/ 0.547 14.43/ 0.787/ 0.539 10.16/ 0.468/ 0.557 12.58/ 0.282/ 0.540 13.48/ 0.610/ 0.488
NeRF + SCI 7.84/ 0.660/ 0.562 12.07/ 0.699/ 0.584 10.25/ 0.737/ 0.626 18.84/ 0.637/ 0.565 12.38/ 0.358/ 0.587 12.27/ 0.618/ 0.585
NeRF + IAT 14.03/ 0.656/ 0.453 19.08/ 0.800/ 0.565 10.49/ 0.528/ 0.678 17.16/ 0.657/ 0.534 16.15/ 0.344/ 0.573 15.38/ 0.597/ 0.561
RetiNexNet + NeRF 16.19/ 0.780/ 0.396 16.89/ 0.756/ 0.543 16.98/ 0.807/ 0.577 18.00/ 0.707/ 0.482 14.86/ 0.284/ 0.518 16.58/ 0.667/ 0.503
Zero-DCE + NeRF 17.90/ 0.858/ 0.376 12.58/ 0.721/ 0.460 14.45/ 0.831/ 0.419 10.39/ 0.518/ 0.464 12.32/ 0.308/ 0.481 13.53/ 0.649/ 0.432
SCI + NeRF 7.76/ 0.692/ 0.525 19.77/ 0.802/ 0.674 10.08/ 0.772/ 0.520 13.44/ 0.658/ 0.435 18.16/ 0.503/ 0.475 13.84/ 0.689/ 0.510
IAT + NeRF 14.46/ 0.705/ 0.386 18.70/ 0.780/ 0.665 17.88/ 0.829/ 0.547 13.65/ 0.616/ 0.528 13.87/ 0.317/ 0.536 15.71/ 0.649/ 0.532
Aleth-NeRF 20.22/ 0.859/ 0.315 20.93/ 0.818/ 0.468 19.52/ 0.857/ 0.354 20.46/ 0.727/ 0.499 18.24/ 0.511/ 0.448 19.87/ 0.754/ 0.417
PHY-NeRF (Ours) 20.29/ 0.855/ 0.325 21.19/ 0.822/ 0.479 20.45/ 0.865/ 0.408 22.03/ 0.729/ 0.505 18.15/ 0.524/ 0.443 20.52/ 0.759/ 0.432

Table 1: Quantitative results for five overexposed and underexposed scenes, where the bold and the underline indicate the best
and second-best results, respectively. We evaluate PSNR↑, SSIM↑ and LPIPS↓.

Implementation Details. We implement PHY-NeRF us-
ing Pytorch and train our network using the Adam optimizer.
The training batch size is 1024, with 12,500 iterations per
epoch. We train different scenes for 4 ∼ 6 epochs on a sin-
gle RTX3090 GPU, taking about 2 hours per scene. The il-
lumination encoder Eθ is implemented by 4 downsampled
convolutional layers. Adaptive Lighting Particles are imple-
mented by 3 fully-connected layers with 128 channels and
1 convolutional layer. Other hyperparameter settings are de-
tailed in the supplementary material.

Metrics. We use three metrics for evaluation: Peak Signal-
to-Noise Ratio (PSNR), Structural Similarity (SSIM), and
Learned Perceptual Image Patch Similarity (LPIPS).

Evaluation
Baselines. To evaluate the superiority of our PHY-NeRF,
we compare with existing methods on the above challenging
illumination dataset: NeRF (Mildenhall et al. 2020) as the
baseline, enhancement or correction methods post-process
NeRF (denoted as ”NeRF + *”), enhancement or correction
methods pre-process NeRF (denoted as ”* + NeRF”), and
Aleth-NeRF (Cui et al. 2024).

Comparisons of Overexposed Scenes. The qualitative
results are shown in Fig. 4. Due to defects in the volume ren-
dering process, vanilla-NeRF generates overbright images,

(a) Views (b) NeRF (c) Aleth-NeRF (d) PHY-NeRF

Figure 5: Depth results of our PHY-NeRF (d) compared with
NeRF (b) and Aleth-NeRF (c) in partially over-exposure and
under-exposure scenes.

which makes post-processing NeRF renderings using expo-
sure correction methods ineffective. We then preprocess the
overexposed images to utilize NeRF training on these cor-
rected images, breaking multi-view consistency and causing
artifacts in the rendered views. Table. 1 demonstrates the
quantitative results. The metrics of these methods are gen-
erally low, but the pre-processed results are better than the
post-processed ones.

Aleth-NeRF improves performance by utilizing conceal-
ing fields to suppress overbright scenes (see Table. 1). How-
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Figure 6: Comparison of PHY-NeRF with other end-to-end
framework NeRF and Aleth-NeRF in terms of performance
and efficiency.

ever, since the concealing fields cannot model the overbright
scenes, training Aleth-NeRF directly on overexposed im-
ages results in brightness bias and color loss (see Fig. 4
(d)). In contrast, our PHY-NeRF achieves significant results
in metrics by designing adaptive lighting particles and the
global illumination consistency module as shown in Table.
1. Meanwhile, the qualitative results are shown in Fig. 4 (e),
PHY-NeRF adjusts image brightness closer to normal while
making color richer. In addition, it also captures more de-
tailed information (see Fig. 5 (d)), saving a lot of data oc-
cupation and training time (see Fig. 6). More visualization
results are detailed in the supplementary material.

Comparisons of Underexposed Scenes. Similar to the
overexposed scenes, as shown in Fig. 4, the defects of NeRF
make its rendered images in dark scenes with poor qual-
ity, leading to the performance degradation of these en-
hancement methods when processing NeRF rendered re-
sults. Moreover, applying these methods to preprocess NeRF
destroys the consistency of multiple views, leading to arti-
facts. In addition, Aleth-NeRF adapts dark scenes by mod-
eling the concealing fields, which achieves favorable re-
sults but loses some details. Compared to previous meth-
ods, our PHY-NeRF performs best in most scenes and av-
erage metrics (see Table .1), reconstructing normal lighting
and color information. Meanwhile, it maintains multi-view
consistency and highlights local details shown in Fig. 5. We
utilize the same number of samples as in the overexposed
scene, improving the rendering efficiency.

Ablation Study
As shown in Fig. 7, we conduct multiple ablation studies to
demonstrate the effectiveness of each component. Adaptive
Lighting Particles are a core component of our method, and
exposure correction is not possible without these particles.
In addition, the lack of a feature-based global illumination
consistency module results in some dark shadows, unnat-
ural brightness transitions, and loss of local details. When
the image-level brightness consistency loss is discarded, the

(a) w/o α (b) w/o Lbc (c) w/o Lss

(d) w/o Lcc (e) w/o Eθ (f) full (Ours)

Figure 7: Visualization of ablation experiments to verify the
effectiveness of the components, taking the “chair” scene as
an example.

chair sofa
PSNR/ SSIM/ LPIPS PSNR/ SSIM/ LPIPS

w/o α 6.05/ 0.167/ 0.615 6.28/ 0.209/ 0.575
w/o Lbc 11.97/ 0.653/ 0.512 15.46/ 0.801/ 0.408
w/o Lss 19.51/ 0.787/ 0.484 18.62/ 0.845/ 0.406
w/o Lcc 20.95/ 0.817/ 0.489 19.49/ 0.857/ 0.407
w/o Eθ 16.89/ 0.796/ 0.492 16.81/ 0.843/ 0.408
full (Ours) 21.19/ 0.822/ 0.479 20.45/ 0.865/ 0.408

Table 2: Ablation study on two low-light scenes, ”chair” and
”sofa”, where the bold and the underline indicate the best
and second-best results, respectively.

overall brightness becomes darker than the full result. Re-
moving the spatial structure loss causes too much difference
between neighboring pixels in the rendered image, leading
to incorrect contrast (such as the wall and the chair). We
remove the color constancy loss, which ignores the relation-
ship between the three channels, causing severe color casts
in some areas (such as the chair frame). As quantitatively
shown in Table .2, our full components show the best results.

Conclusion
In this paper, we propose PHY-NeRF, a novel and efficient
method to handle abnormal exposure scenes. Unlike exist-
ing methods based on Retinex theory or Concealing Fields
assumption that perform poorly in overexposed scenes, we
introduce physical knowledge to NeRF to cope with ar-
bitrary lighting situations. Specifically, the proposed PHY-
NeRF design Adaptive Lighting Particles that can simulate
light suppression or enhancement process by adjusting the
brightness of spatial points to model adverse lighting scenes
and synthesize high-quality normal brightness views. Fur-
thermore, the proposed PHY-NeRF also devises a global il-
lumination consistency module to control the brightness in-
tensity across views at the feature level, achieving natural
lighting transitions. Experiments show that our PHY-NeRF
achieves state-of-the-art performance on low-light and over-
exposed datasets while improving rendering efficiency.
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