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Abstract
Neural Radiance Field (NeRF) has exhibited outstand-

ing three-dimensional (3D) reconstruction quality via the
novel view synthesis from multi-view images and paired
calibrated camera parameters. However, previous NeRF-
based systems have been demonstrated under strictly con-
trolled settings, with little attention paid to less ideal sce-
narios, including with the presence of noise such as expo-
sure, illumination changes, and blur. In particular, though
blur frequently occurs in real situations, NeRF that can
handle blurred images has received little attention. The
few studies that have investigated NeRF for blurred im-
ages have not considered geometric and appearance con-
sistency in 3D space, which is one of the most important
factors in 3D reconstruction. This leads to inconsistency
and the degradation of the perceptual quality of the con-
structed scene. Hence, this paper proposes a DP-NeRF,
a novel clean NeRF framework for blurred images, which
is constrained with two physical priors. These priors are
derived from the actual blurring process during image ac-
quisition by the camera. DP-NeRF proposes rigid blurring
kernel to impose 3D consistency utilizing the physical pri-
ors and adaptive weight proposal to refine the color com-
position error in consideration of the relationship between
depth and blur. We present extensive experimental results
for synthetic and real scenes with two types of blur: camera
motion blur and defocus blur. The results demonstrate that
DP-NeRF successfully improves the perceptual quality of
the constructed NeRF ensuring 3D geometric and appear-
ance consistency. We further demonstrate the effectiveness
of our model with comprehensive ablation analysis. 1 2

1. Introduction
The synthesis of the photo-realistic novel view image

of complex three-dimensional (3D) scenes has advanced
rapidly due to the emergence of the Neural Radiance
Field(NeRF) [26]. NeRF has introduced implicit scene rep-
resentation to the field, which maps an arbitrary continuous

1Code: https://github.com/dogyoonlee/DP-NeRF
2Project: https://dogyoonlee.github.io/dpnerf/
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Figure 1. (a) Deblur-NeRF models blurring kernel based on 2D
offset on the image pixels. This modeling break the consistency
in trained neural radiance field due to the lack of a 3D consis-
tency priors. However, (b) DP-NeRF can render clean neural ra-
diance field guaranteeing the 3D consistency with rigid motion of
the camera based on the physical priors of the blur occurrence.

3D coordinate to the volume density and radiance color us-
ing volume-rendering technique and implicit neural repre-
sentation. NeRF densely reconstructs continuous 3D space
to produce photorealistic rendered images with novel view.

Though NeRF has achieved remarkable success in a va-
riety of fields, most of the NeRF variants have been de-
signed and tested for a carefully controlled environment that
requires well-captured images from multiple views with
calibrated camera parameters. However, various forms of
noises are usually included in the data captured for the
NeRF in real scenarios, complicating geometric and appear-
ance consistency in 3D representation.

Several NeRF variants have attempted to reconstruct
3D scene in the presence of noise, including exposure
noise [8, 11, 25], motion [17–19, 29, 30, 33, 49, 55], illumi-
nation changes [6, 23, 57], and aliasing [1, 2]. However,
although it frequently occurs in real-world settings, blur
has not been sufficiently addressed to date, despite the fact
that it generates critical artifacts in 3D scene reconstruc-
tion. Deblur-NeRF [22] introduced blurring kernel estima-
tion for a NeRF by imitating in-camera blurred image ac-
quisition based on a blind deblurring method. Their method
demonstrated excellent performance and produced clearly
rendered images from multi-view images. However, the
blurring kernel in [22] is implemented by optimizing ray
deformation and composition weights depending on the 2D
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pixel location independently, leading to insufficient 3D in-
formation. In reality, the blurring process occurs simultane-
ously for all pixels in an image due to the physical process
of in-camera image acquisition, but [22] overlooks the prior
for blurring, leading to a lack of consistency in an image.
Moreover, the designed kernel can be inherently optimized
to subobtimal in regions with complex depth or similar ap-
pearance due to the independent optimization of the defor-
mation of each ray. As a result, the estimated kernel has
difficulty aggregating 3D information in a way that guaran-
tees geometric and appearance consistency.

In this paper, we propose a deblurred NeRF based on
two physical scene priors (hereafter, DP-NeRF) with a
novel rigid blurring kernel (RBK) and adaptive weight pro-
posal (AWP). The RBK consists of rigid ray transformation
(RRT) and coarse composition weights (CCW), which uti-
lize explicit physical scene priors derived from the blurring
process to construct a consistent 3D scene representation
from blurred images. In addition, the AWP proposes fine-
grained color composition weights considering the relation-
ship between depth and blur to create more realistic and
clean 3D representation. Furthermore, we propose coarse-
to-fine optimization for stable training and to gradually in-
crease the effect of the AWP during training by introducing
exponential weight decay between the two losses from the
RBK and AWP. Figure 1 summarizes the DP-NeRF’s sys-
tem using the rigid motion of the camera.

The RBK generates a 3D deformation field and coarse
weights for color composition based on the view informa-
tion for each scene regardless of the pixel for each ray. This
architecture is inspired by the physical scene prior that the
blurring process consistently occurs for all pixels for a spe-
cific view. Specifically, the deformation field is constructed
as the 3D rigid motion of the camera for each view and does
not depend on the 2D spatial position of each ray. In con-
trast to Deblur-NeRF [22], our model successfully models
3D space with consistent geometry and appearance due to
the use of these conditional physical priors and not fully
depending on 2D pixel-wise independent ray optimization.

Previous studies have claimed that color composition
process in a blurring kernel are affected by the depth values
of the pixels when compositing blurred colors from both
camera motion and defocus blur [43, 44]. Hence, RBK can
lose detail in regions that have a complex depth or simi-
lar textures even though it achieves remarkably realistic 3D
scene. For this reason, the AWP refines the composition
weights using feature modulation (FM) [59] and novel mo-
tion feature aggregation module(MAM) based on the depth
features of samples for transformed rays, the viewing di-
rection, and the view information. Following the [22], we
jointly optimize the RBK, AWP, and sharp NeRF with only
the reconstruction loss from the blurred input as supervi-
sion. During inference stage, we can clearly render a recon-

structed 3D scene using only the trained sharp NeRF model.
The rest of the paper is structured as follows. In Sec-

tion 3, we describe the RBK and AWP in detail. In Sec-
tion 4.1 and supplementary material, we provide experi-
mental results for novel view synthesis using synthetic and
real scene datasets with two types of blur that are provided
from [22]. The results show that DP-NeRF achieves signif-
icant quantitative and qualitative improvement, preserving
3D consistency with a cleanly rendered novel view. In ad-
dition, we extensively analyze the effectiveness of the pro-
posed model in Section 4.2. We also demonstrate how the
RBK approximately models the blurring process in the sup-
plementary material. To summarize, this paper offers the
following major contributions.

• Rigid blurring kernel. We propose a novel RBK to
construct a clean NeRF from blurred images utilizing
physical scene priors derived from the blurring process
during image acquisition.

• Adaptive weight proposal. We propose an AWP to re-
fine the composition weights in the RBK considering
the relationship between depth and blur to generate
more realistic results.

• Coarse-to-fine optimization. To fully utilize proposed
methods in training, we propose coarse-to-fine opti-
mization by applying exponential weight decay be-
tween the reconstruction loss from the RBK and AWP.

• Significant improvement in perceptual quality. DP-
NeRF produces enhanced 3D scene representation
with greater perceptual quality and clean photo-
realistic rendered images.

2. Related work
NeRF under various conditions. NeRF has become
widespread in computer vision and graphics tasks related
to neural rendering, utilizing coordinate-based implicit neu-
ral representation (INR). Due to the success of the NeRF in
neural rendering, several studies have applied NeRF to other
areas such as dynamic scenes [17–19, 29, 30, 33, 49, 55],
generative models [28, 38], relighting [3, 23, 32, 42], hu-
man avatars [31, 45, 58], and 3D reconstruction [47, 50].
However, few studies have been conducted under non-ideal
conditions [1, 2, 8, 11, 22, 25]. Mip-NeRF [1] addresseed
the aliasing issue of ray samples by introducing 3D con-
ical frustum ray casting with integrated positional encod-
ing. Mip-NeRF 360 [2] then extended Mip-NeRF [1]
to unbounded 360-degree scenes using shrunken space
parametrization and online distillation to improve its quality
and efficiency. To address the inconsistent appearance and
transient objects in the uncarefully collected images, NeRF-
W [23] introduced appearance and transient latent codes to
the NeRF. HDR-NeRF [8] and HDR-Plenoxel [11] modeled
the high dynamic range (HDR) radiance, imitating the phys-
ical process of in-camera image acquisition. [8] modeled
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camera response function with the exposure value for the
NeRF and [11] modeled white balance function for Plenox-
els [52]. Deblur-NeRF [22] explored a new area of research
constructing a clean NeRF from blurred images, which reg-
ularly occur during image acquisition in real-scenario.
Image Deblurring. Blur can be categorized into four types:
camera motion, defocus, moving object and mixed blur. Im-
age deblurring aims to recover a sharp image from images
degraded by these types of blur. The recovery process can
be expressed as to solve the equation: B = I ∗K, where B,
I , and K denote the blurred image, sharp image, and blur-
ring kernel, respectively. Deblurring can be divided into
two categories, non-blind and blind, whose difference is
whether the blurring kernel is known or not. Recent stud-
ies have focused primarily on blind deblurring because the
blurring kernel is typically unknown in real-scenarios.

Several traditional image deblurring techniques [9, 10,
14, 39] have been proposed based on maximum a posterior
(MAP) estimation [20, 34] based on a prior condition de-
rived from natural images as a form of regularization. [39]
uses global and local image priors as two piece-wise contin-
uous functions and local smoothness constraints, while [9]
proposes generalized transparency to efficiently estimate
the blur filter by selecting useful pixels based on new trans-
parency map. [10, 14] propose a sparse prior derived from
local color statistics and a regularization function as the ra-
tio of the l1-norm to the l2-norm for the high frequencies of
an image, respectively.

Recently, deep image deblurring has been investigated
following the success of deep learning networks in com-
puter vision field. In this approach, a general blurring ker-
nel is usually employed and latent images constructed based
on blind deblurring and a data-driven prior through network
training with paired datasets. Several studies have been pro-
posed the use of convolutional neural network(CNN) [27,
46, 48, 53, 54] and generative models [15, 16]. We focus on
priors from traditional methods because physical priors are
helpful for constructing a blurring kernel in a NeRF system.
NeRF from Blurred Images. Deblur-NeRF [22] models
the blurring kernel with the NeRF imitating the blind de-
blurring to produce clean and sharp NeRF. In contrast to
recent deblurring methods that operate in the image space,
the target blur types are camera motion and defocus blur in a
static scene. Motion blur is excluded as a separate problem
that needs to be overcome because temporal inconsistency
is another challenge in 3D reconstruction. In [22], blur-
ring kernel is optimized based on the kernel points on the
2D image pixels and view-embedded information. The ker-
nel is designed around transformed rays that penetrate the
kernel points on the image plane and camera origin, which
are independently optimized during the training. However,
the kernel relies heavily on the training of the deep neural
network without cues for geometric and appearance consis-

tency in 3D scene representation, which leads to a lack of
consistency in 3D scene. Our method focuses on this limita-
tion and proposes a novel blurring kernel with two physical
priors derived from physical process of blur acquisition and
ray casting as a form of regularization for kernel estimation.

3. Deblurred Neural Radiance Field
In this section, we describe our process for constructing

a clean NeRF given a set of blurred inputs. Initially, we
model the RBK to use the blur consistency in an image as
a physical scene priors(Section 3.2). To consider the rela-
tionship between depth and blur, we then model the AWP
module(Section 3.3). Finally, we explain our loss function
and coarse-to-fine optimization strategy for the training of
DP-NeRF(Section 3.4). Overall process for DP-NeRF is
summarized in Figure 2.

3.1. Preliminary

Neural Radiance Field (NeRF). NeRF [26] constructs a
continuous, volumetric representation of a 3D scene based
on INR. It uses a multi layer perceptron(MLP) to approxi-
mate the function

F : (γx(x), γd(d)) → (c, σ), (1)

which maps 3D position x = (x, y, z) and viewing direction
d = (ϕ, θ) to a color c = (r, g, b) and volume density σ.

Specifically, the 3D position and viewing direction are
independently projected to a higher dimension by apply-
ing the sinusoidal positional encoding function γ : R3 →
R3+6m, which is defined as

γ(x) =
(
x, . . . , sin(2fπx), cos(2fπx), . . .

)
, (2)

where f = {0, . . . ,m− 1} and m is a hyper-parameter that
decides the frequency band. For clarity, we abbreviate the
positional encoding and represent the NeRF as

F (x,d) = (c, σ). (3)

To train the NeRF with input images, the NeRF renders
each color Ĉp of pixel p using a rendering technique [24]
that is an approximated version of classical volume render-
ing [12]. For given ray origin op and viewing direction dp

along a pixel p, the ith sample on the ray rp is defined as
rpi = op + tidp, where ti is drawn from N evenly spaced
bins with stratified sampling [26] in near-to-far bounded
partition [tn, tf ] as shown in Eq. 4:

ti ∼ U
[
tn +

i− 1

N
(tf − tn) , tn +

i

N
(tf − tn)

]
. (4)

Pixel color Ĉp is computed from the predicted color cpi and
density σp

i of each sample rpi as shown in Eq. 5:

Ĉ(r) =
N∑
i=1

wici =
N∑
i=1

Ti (1− exp(−σiδi)) ci, (5)
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Figure 2. Overall pipeline for DP-NeRF. DP-NeRF consists of three stages. (a) The rigid blurring kernel (RBK) constructs the blurring
system using the SE(3) Field based on the physical priors. (b) The adaptive weight proposal (AWP) refines the composition weights using
the depth feature (ζpi,j) of the samples on the ray of the target pixel (p), the scene (s) information, and the rigidly transformed ray directions
(rps;0,...,k). (c) Finally the coarse and fine blurred colors, B̂p and B̃p, are composited using the weighted sum of the ray transformed colors.
Lc and Lf denote the coarse and fine RGB reconstruction loss, respectively.

where Ti = exp(−
∑i−1

j=1 σjδj) is the transmittance and
δi = ti+1 − ti is the distance between adjacent samples.
Note that, we abbreviate the notation for pixel p for clarity.
Blind Deblurring in the NeRF. Our goal is to solve the
blind deblurring process with respect to sharp pixel color
Ĉp and blurring kernel hp in a similar manner to [22] as

B̂p = Ĉp ∗ hp, (6)

where Ĉp is computed from sample color cpi and density
σp
i , which are predicted by the NeRF. [22] models kernel

hp by introducing approximated n sparse kernel points in
K ×K sized window N (p) at the 2D pixel location, which
are optimized by the MLP. The rendered pixel colors from
the kernel points are then composited by the corresponding
weights wp

q , which are also predicted by the MLP, as Eq. 7:

B̂p =
∑

q∈N (p)

wp
q Ĉ

p
q (7)

The kernel points and weights for each pixel ray are opti-
mized independently depending on the 2D spatial pixel co-
ordinates and view-information. Thus, the blurring kernel
is dynamic, but they overlook the importance of geometric
and appearance consistency in overall 3D space.

3.2. Rigid Blurring Kernel (RBK)
Physical Scene Priors. As we mentioned in Section 3.1,
deblurring in the NeRF should consider 3D consistency. To
address this, we impose two priors as constraints inspired
by the physical process of image blurring.

Prior 1: A blurred image is generated during in-
camera image acquisition. The first prior shares ray rigid
transformation (RRT) from camera motion through all of
the pixels of a blurred image because same camera is used.

Prior 2: The blurring process for all of the pixels in
a blurred image occurs simultaneously. The second prior

shares the coarse composition weights (CCW) across all of
the pixels of an image because the color composition of all
of the pixels in a blurred image is affected simultaneously.
Ray Rigid Transformation. From the first prior, we mimic
the blurring process of an image using RRT based on each
image’s view information. RRT is formulated as ray trans-
formation derived from the deformation of rigid camera mo-
tion, defined as the dense SE(3) field for scene s, approxi-
mated by the MLPs, which consists of shared encoder MLP
E and independent MLPs (R and L), as shown in Eq. 8:

Ss =
(
R(E(ls));L(E(ls))

)
, where s ∈ Nimg, (8)

where ls denotes the latent code for each scene through the
embedding layer [4], and Nimg denotes a set of image in-
dices. The scene-wise SE(3) field can encode the rigid
motion of the camera for the scene, thus consistently trans-
forming the rays of the scene to imitate the blurring pro-
cess. Inspired by Nerfies [29], rigid motion is encoded as
the screw axis [21] Ss = (rs; vs) ∈ R6, where rs ∈ so(3)
encodes rotation. r̂s = rs/||rs|| is the axis of rotation
and θ = ||rs|| is the angle of rotation. Rotation matrix
ers ∈ SO(3) is taken from Rodrigues’ formula [35]:

ers ≡ e[rs] = I +
sin θ

θ
[rs]× +

1− cos θ

θ2
[r2s ]×, (9)

where [x]× denotes the cross-product matrix of vector x.
The translation matrix, which is encoded by screw motion
Ss, is taken as ps = Gsvs, where

Gs = I +
1− cos θ

θ2
[rs]× +

θ − sin θ

θ3
[rs]

2
×. (10)

For given ray rps on arbitrary pixel p in scene s, we can
define the RRT as

rp−rig
s;q = eS

p
s;qrps = eSs;qrps = ers;qrps + ps;q, (11)

where q ∈ {1, . . . , k}, k is a hyper-parameter that controls
the number of camera motions contributing to the blur in
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scene s, and rp−rig
s;q denotes the rigidly transformed (RT)

ray from rps . Note that, Sp
s;q = Ss;q due to our first

prior. To ensure that, for se(3), eSs;q is the identity when
Ss;q = 0, we initialize the weights of the last layer of MLP
R from U(−10−5, 10−5) following [29]. The transformed
sharp colors Ĉp−rig

s;q are then rendered from rp−rig
s;q using a

volume-rendering technique to composite the blurry color
B̂p

s based on the CCW described in the following section.
Coarse Composition Weights. From the second prior, we
model the CCW field for scene s from the MLP W , which
shares the encoding MLP E with other MLPs (R and L).

ms;0,...,k = σ (W(E(ls))) , where

k∑
i=0

ms;i = 1, (12)

where k denotes the number of camera motions shared with
the RRT. ms is the CCW for scene s. σ represents the
sigmoid function. Note that, the number of ms is k + 1,
where ms;0 is the weight for original ray rps . Finally, blurry
color B̂p

s for pixel p in scene s, is composited by the
weighted sum of the rendered colors of original ray Ĉp

s;0 and
RT rays Ĉp−rig

s;1,...,k using the corresponding per-scene CCW
ms;0,...,k as shown in Eq. 13:

B̂p
s = ms;0Ĉ

p
s;0 +

k∑
i=1

ms;iĈ
p−rig
s;i (13)

The RBK pipeline is summarized in Figure 2 (a) and (c).

3.3. Adaptive Weight Proposal (AWP)

Relationship between Depth and Blur. Though the pro-
posed RBK models the blurring kernel successfully with
realistic rendering results (Figure 4), there is still room for
improvement in the relationship between depth and blur.
Several past studies have described the relationship between
depth and each type of blur [43, 44]. Specifically, camera
motion blur is affected by depth when the camera motion is
out-of-plane [44], while defocus blur is usually affected by
depth [43]. Therefore, we employ the AWP module to al-
leviate the color composition errors by flexibly refining the
CCW ms;0,...,k along the depth features of the samples on
the original and RT rays for pixel p. Further description for
motivation of AWP is attached in supplementary material.
AWP Network. We define the AWP as a function that infers
the per-pixel adaptive composition weights m̃p

s;0,...,k utiliz-
ing the depth features of each sample on the rays, corre-
sponding to the latent code of each scene, and the direction
of each ray. The function AWP is defined as Eq. 14:

m̃p
s;0,...,k = AWP(ζpi=0,...,k;j=1,...,N ,dp−rig

i=0,...,k, ls), (14)

where i denotes the original and RT rays, and j denotes the
sample on each ray. In addition, ζ denotes the correspond-
ing depth feature and dp−rig

0,...,k denotes the directions of orig-
inal and RT rays. We then composite the adaptive blurred
color B̃p

s through m̃p
s;0,...,k as shown in Eq. 15:
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Figure 3. Architecture of the motion aggregation module (MAM).

B̃p
s = m̃p

s;0Ĉ
p
s;0 +

k∑
i=1

m̃p
s;iĈ

p−rig
s;i (15)

We design AWP to be an approximation using a deep
learning network (Figure 2 (b) and (c)).
Network Architecture. Inspired by CurveNet [51], the
AWP generates the fine weights m̃p

s;i utilizing the inter-
sample and inter-motion correlation of the rays trans-
formed by the RBK, which are denoted as Corrint−sam

and Corrint−mot in Figure 3, respectively. The depth
features for each sample on the rays (ζpi;j) are extracted
from second-to-last layer of the NeRF, which contains im-
plicit occupancy information. First, we construct motion-
wise modulated features, ηpi=0,...,k, through feature modu-
lation (FM) [59] from N samples on each ray as shown in
Figure 2 (b) and Eq. 16:

ηpi =

N∑
l=1

(
exp(−

l−1∑
m=1

δmζ̂pi;m ◦ (1− exp(−δlζ̂
p
i;l) ◦ ζ̂

p
l )
)
,

(16)
where ζ̂pi;j denotes the embedded features of ζpi;j from the
simple MLP and δ is the same as in Eq. 5. Second, we
add the viewing direction and scene-information by using a
simple MLP with ηpi , dp−rig

i=0,...,k, and ls, as shown in Eq. 17:

η̂pi = MLP
(
ηpi , γd(dp−rig

i ), ls

)
, where i ∈ {0, . . . , k},

(17)
where η̂pi denotes the modulated features with the viewing
information. We then forward (ζpi;j and η̂pi ) to the MAM to
aggregate the implicit depth-derived information based on
attentive feature extraction as in Eq. 18:

η̃pi = MAM(ζ̂pi;j , η̂
p
i ), (18)

where η̃pi denotes the aggregated features.
For the MAM, we first generate motion-wise and

sample-wise representative features, ξpmotion and ξpsample,
by forwarding the embedding MLP and employing atten-
tive pooling [7] along each axis from the embedded features
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ζ̂pi;j . Note that, we omit the embedding MLP in Figure 3
for clarity. Second, we compute the inter-motion and inter-
sample correlation using CurveNet-like architecture via ma-
trix multiplication. Third, the correlated features update
each embedded features using matrix multiplication. Fi-
nally, aggregated features η̃pi are extracted by concatenating
the correlated embedded features and forwarding the sim-
ple MLP. The overall process for the MAM is described as
Figure 3 and Eq. 19:
MAM(ζ̂pi;j , η̂

p
i ) = MLP

(
cat(corr(η̂pi , ξ

p
motion, ξ

p
sample))

)
,

(19)
where cat denotes the concatenating operation and corr
represents computing operations of inter-motion and inter-
sample correlation. To this end, the adaptive composition
weights m̃p

s;0,...,k are predicted using global average pooling
(GAP) along the motion axis and the linear layer as shown
in Eq. 20. We omit the GAP and the final Linear layer for
clarity in Figure 2 (b).
m̃p

s;i = σ
(
Linear(GAP (η̃pi=0,...,k))

)
, where

k∑
i=0

m̃p
s;i = 1

(20)
Details of the operation and notations for the feature dimen-
sions are presented in the supplementary material.

3.4. Training & Optimization

Training Loss. DP-NeRF takes only the RGB reconstruc-
tion loss for the blurred color of a pixel with a correspond-
ing ray because our goal is to approximate the blurred color
of the pixel using the RBK and AWP. In contrast to Deblur-
NeRF [22], we employ two blurred colors B̂p

s and B̃p
s to op-

timize the DP-NeRF. Our RGB reconstruction loss Lrecon

consists of two reconstruction losses from these predicted
colors and the ground truth color as shown in Eq. 21:

Lrecon = ||Bp
s − B̂p

s ||+ ||Bp
s − B̃p

s ||, (21)
where Bp

s and L denote the ground truth blurred RGB for
pixel p and the loss function, respectively.
Coarse-to-Fine Optimization. However, it is difficult to si-
multaneously optimize the loss function from scratch due to
the complex geometry and texture of 3D scenes. Hence, we
propose a coarse-to-fine optimization strategy for the two
losses by introducing coarse-to-fine weight λ, which expo-
nentially decays from λs to λe during training as shown in
Eq. 22:

α = −log(λs/λe)/(ef − ec),

λ = λs(exp(α(ec − ei))),
(22)

where ec, ei, and ef denote the current, initial, and final
iteration of the training process, respectively. Therefore,
our final loss function Lfinal is defined as shown in Eq. 23:

Lfinal = λ||Bp
s − B̂p

s ||+ (1− λ)||Bp
s − B̃p

s ||, (23)

where the first and second terms without λ and (1− λ) are
denoted as Lc and Lf in the caption of Figure 2, referring
to coarse and fine RGB reconstruction loss, respectively.

4. Experiment

Implementation Details. DP-NeRF is implemented using
official code published for a previous work [22]. Note that,
our blur operation should be applied to scene irradiance
instead of image intensity, as pointed out by [5], follow-
ing [22]. Hence, a tone mapping function is applied to the
predicted radiance color from the NeRF in the same man-
ner as the gamma function in [22]. For fair comparison
with [22], we set the default configuration to be same as
in that study. The number of camera motions k is set to 4 as
the default because the number of kernel points in [22] is set
to 5. We use a batch size of 1024 rays, with 64 coarse sam-
ples, and 64 fine samples on the rays. We use the Adam [13]
optimizer with default parameters. For the scheduling learn-
ing rate, we exponentially weight decay from 5 × 10−4 to
8×10−5. In addition, we set λs and λe at 0.9 and 0.1 for the
coarse-to-fine optimization, respectively. We also use 200k
iterations to train each scene. Further details are provided
in the supplementary material.
Datasets. We train DP-NeRF using the synthetic and real
scene datasets provided by [22]. Both dataset consist of two
blur types: camera motion and defocus blur. There are five
scenes in the synthetic dataset and ten in the real dataset for
each blur type. The camera poses for all of the images are
calibrated using COLMAP [36, 37]. As mentioned in [22],
the real scenes were manually captured with a Canon EOS
RP under manual exposure mode.

4.1. Novel View Synthesis

Evaluations. In this section, we summarize the results of
our model for the synthetic and real scenes. The quantitative
quantitative and qualitative results for the synthetic dataset
are presented in Table 1 and Figure 4. Three commonly
used evaluation metrics are adopted in the present study to
compare the synthesized and ground truth images: the peak
signal-to-noise ratio (PSNR), the structural similarity index
measure (SSIM), and learned perceptual image patch simi-
larity (LPIPS) [56], which assess relative sharpness, struc-
tural similarity, and perceptual quality, respectively. Due
to the length, we only present the average results here for
the real scene dataset. A more version of the experimental
results is available in the supplementary material.

Comparisons. Tables 1 and 2 show that our model pro-
duces excellent results for all metrics compared to the other
models, including [22]. In particular, LPIPS is signifi-
cantly improved by DP-NeRF, indicating a 3D scene with a
higher rendered image quality in terms of perceptual qual-
ity. Note that, the results for single image deblurring meth-
ods, MPR+NeRF, PVD+NeRF, and KPAC+NeRF, in Ta-
bles 1 and 2 are taken from [22]. They are trained with
a Naive NeRF using images deblurred using MPR [53],
PVD [41], and KPAC [40] methods, respectively.
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Camera Motion
Factory Cozyroom Pool Tanabata Trolley Average

PSNR(↑) SSIM(↑) LPIPS(↓) PSNR(↑) SSIM(↑) LPIPS(↓) PSNR(↑) SSIM(↑) LPIPS(↓) PSNR(↑) SSIM(↑) LPIPS(↓) PSNR(↑) SSIM(↑) LPIPS(↓) PSNR(↑) SSIM(↑) LPIPS(↓)

Naive NeRF [26] 19.32 .4563 .5304 25.66 .7941 .2288 30.45 .8354 .1932 22.22 .6807 .3653 21.25 .6370 .3633 23.78 .6807 .3362
MPR [53] + NeRF 21.70 .6153 .3094 27.88 .8502 .1153 30.64 .8385 .1641 22.71 .7199 .2509 22.64 .7141 .2344 25.11 .7476 .2148
PVD [41] + NeRF 20.33 .5386 .3667 27.74 .8296 .1451 27.56 .7626 .2148 23.44 .7293 .2542 23.81 .7351 .2567 24.58 .7190 .2475
Deblur-NeRF [22] 25.60 .7750 .2687 32.08 .9261 .0477 31.61 .8682 .1246 27.11 .8640 .1228 27.45 .8632 .1363 28.77 .8593 .1400

DP-NeRF 25.91 .7787 .2494 32.65 .9317 .0355 31.96 .8768 .0908 27.61 .8748 .1033 28.03 .8752 .1129 29.23 .8674 .1184

Defocus
Factory Cozyroom Pool Tanabata Trolley Average

PSNR(↑) SSIM(↑) LPIPS(↓) PSNR(↑) SSIM(↑) LPIPS(↓) PSNR(↑) SSIM(↑) LPIPS(↓) PSNR(↑) SSIM(↑) LPIPS(↓) PSNR(↑) SSIM(↑) LPIPS(↓) PSNR(↑) SSIM(↑) LPIPS(↓)

Naive NeRF [26] 25.36 .7847 .2351 30.03 .8926 .0885 27.77 .7266 .3340 23.80 .7811 .2142 22.67 .7103 .2799 25.93 .7791 .2303
KPAC [40] + NeRF 26.40 .8194 .1624 28.15 .8592 .0815 26.69 .6589 .2631 24.81 .8147 .1639 23.42 .7495 .2155 25.89 .7803 .1773
Deblur-NeRF [22] 28.03 .8628 .1127 31.85 .9175 .0481 30.52 .8246 .1901 26.26 .8517 .0995 25.18 .8067 .1436 28.37 .8527 .1188

DP-NeRF 29.26 .8793 .1035 32.11 .9215 .0386 31.44 .8529 .1563 27.05 .8635 .0779 26.79 .8395 .1170 29.33 .8713 .0987

Table 1. Quantitative results for the synthetic scene. Each color shading indicates the best and second-best result, respectively.

a) Naïve NeRF b) Deblur-NeRF c) DP-NeRF(RBK) e) Referenced) DP-NeRF(RBK+AWP)

Figure 4. Rendered novel view synthesis results of DP-NeRF for synthetic scenes. Top and bottom row denote results of camera motion
and defocus blur scene, respectively. Figure (a)-(e) denote Naive NeRF, Deblur-NeRF, DP-NeRF (RBK), DP-NeRF (RBK+AWP), and
ground truth images, respectively. Each colored box in corner of images are enlarged parts of the colored box region in reference images.

Camera Motion Defocus
PSNR(↑) SSIM(↑) LPIPS(↓) PSNR(↑) SSIM(↑) LPIPS(↓)

Naive NeRF [26] 22.69 .6347 .3687 Naive NeRF [26] 22.40 .6661 .2310
MPR [53] + NeRF 23.38 .6655 .3140 KPAC [40] + NeRF 23.04 .6917 .1847
PVD [41] + NeRF 23.10 .6389 .3425 - - - -
Deblur-NeRF [22] 25.63 .7675 .1820 Deblur-NeRF [22] 23.46 .7199 .1207

DP-NeRF 25.91 .7751 .1602 DP-NeRF 23.67 .7299 .1082

Table 2. Average results for the real scene dataset. Each color
shading indicates the best and second-best result, respectively.

The qualitative results presented in Figure 4 demonstrate
the effectiveness of DP-NeRF. The RBK more successively
models a clean 3D scene representation with geometric and
appearance consistency compared to previous approaches.
It more cleanly reproduces the structure of the object in the
scene compared to Naive NeRF and Deblur-NeRF.
4.2. Ablation Study

Effectiveness of the RBK and AWP. The DP-NeRF suc-
cessfully constructs clean NeRF with geometric and appear-
ance consistency using RBK and AWP as shown in Fig-
ure 4. The RBK by itself still has difficulty in inferring
the correct texture and geometry in some regions in which
the texture is confused with the background, the structure is
thin, or the depth is complex, as indicated by the red box in
Figure 4 (c). However, the rendered results in Figure 4 (d)
demonstrate that the AWP effectively refines the geometric

and appearance consistency in this region. In particular, the
upper and lower rows exhibit detailed enhancement of the
geometric structure and texture of the edge of the box and
stairs, respectively.

To understand the effectiveness of DP-NeRF more
clearly, Figure 5 present an error map visualization of the
stairs scene, with the brighter colors indicating greater error.
DP-NeRF produces a lower error than the baselines, recon-
structing the fine details of the objects in the scene. We also
provide additional error map images without the red boxes
in the supplementary material, including those for another
type of blur in synthetic scenes.

The Number of Rigid Motions. Figure 6 presents abla-
tion analysis for the number of rigid motions, which de-
fines the number of transformed rays, for the two types of
the blur. We use LPIPS as the evaluation metric because
it represents perceptual quality well, as demonstrate in Ner-
fies [29]. The results show that the performance of the RBK
and RBK+AWP improves as the number of rigid motions
increases, while the LPIPS for RBK+AWP is better than
that for the RBK alone in all experiments. Full quantitative
PSNR, SSIM, and LPIPS results and qualitative results for
the RBK and RBK+AWP are additionally presented in the
supplementary material.
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Figure 5. Visual comparison with error maps of NeRF, Deblur-
NeRF, and DP-NeRF (ours) in defocus Factory scene. Regions
with red box indicate emphasized regions of error map.

a) Camera Motion Blur b) Defocus Blur
Figure 6. Ablation analysis on the number of rigid camera mo-
tions for the two types of blur for synthetic Pool scene. (a) and
(b) show the results on camera motion and defocus blur, respec-
tively. magenta and yellowgreen colors indicate results of RBK
and RBK+AWP, respectively. blue color line indicates the results
when the number of rigid motions is 4, which is same as of the ker-
nel points 5 in Deblur-NeRF [22] for fair comparison in Table 1.

RBK Analysis. The RBK is shown to successfully model
the blur derived from both camera movement and a change
in the focus plane as the rigid motion of the camera. We
demonstrate the validity of the RBK design by presenting
additional kernel analysis in the supplementary material.
5. Limitation & Future Work
Temporal Motion Blur. Our model fails when object mo-
tion blur is present in a scene (Figure 7). Though DP-
NeRF produces images of higher quality than does a stan-
dard NeRF, motion blur still occurs in reconstructed scenes
because we impose the physical priors based on the assump-
tion of a static scene. Object motion blur is an issue associ-
ated with temporal information and there is no multi-view
data for a specific time in the given dataset. This dataset

a) NeRF c) Referenceb) DP-NeRF
Figure 7. Visual comparison for the NeRF, the DP-NeRF, and the
reference image at specific time on object motion blur. There are
still in artifacts in region where motion blur occurred.

structure leads to inherent geometric and appearance incon-
sistency in the 3D scene if we construct the NeRF with-
out temporal modeling. Therefore, we are confident that
this limitation can be addressed with an additional tempo-
ral component in DP-NeRF in the future, such as bending
the rays with SE(3) field warping [29], scene flow [18], or
3D displacement [33] on ray samples. Actually, although
Figure 7 (b) seems to be quite clean, the results show the
explicit inconsistency when we render the spiral video to
assess the 3D consistency. Please refer the rendered videos
in our project page to check the temporal inconsistency.
Various Types of Image Noise. As mentioned in Section 2,
several previous studies have addressed other types of im-
age noise for NeRF, such as temporal and exposure varia-
tion. The modeling for these noise could be integrated with
the DP-NeRF system because they are independent of each
other, including our target noise. This can be addressed in
the future research if an appropriate dataset is constructed.
6. Conclusion

This paper proposes DP-NeRF, a novel NeRF framework
from blurry inputs, that imposes the two physical priors to
effectively construct a clean NeRF. We propose the RBK
to maintain geometric and appearance consistency in con-
tinuous 3D space. In addition, We employ the AWP mod-
ule to alleviate the color composition errors by consider-
ing the relationship between depth and blur. We also in-
troduce coarse-to-fine optimization of the two losses from
the proposed modules to effectively utilize both during the
training process. Extensive experiments using synthetic and
real scene datasets verified that DP-NeRF produces an im-
proved, clean NeRF with high perceptual quality and 3D
consistency in terms of geometry and appearance. We be-
lieve that DP-NeRF represents an advance in NeRF and
can be used in conjunction with other methods to construct
clean NeRF, covering the images with other types of noise.
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