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Figure 1. We propose CoCoGaussian, a novel framework for 3D scene reconstruction from defocused images. (a) With a large aperture,
radiance from the focus plane appears as a small circle of confusion (green) on the image sensor, while radiance from greater depths results
in larger circles (pink). (b) We visualize reconstructed Gaussians of CoCoGaussian, where the black dots indicate Gaussian means, while
the gray dots represent Gaussian means forming the circle of confusion, which decreases in size near the focus plane. (c) The defocused
image focuses on shallow depths, with circle size increasing with depth, as shown in (b). CoCoGaussian allows customization of defocused
images by adjusting the depth of field or focus plane, while sharp images can be obtained by rendering without the circle of confusion.

Abstract

3D Gaussian Splatting (3DGS) has attracted significant
attention for its high-quality novel view rendering, inspir-
ing research to address real-world challenges. While con-
ventional methods depend on sharp images for accurate
scene reconstruction, real-world scenarios are often af-
fected by defocus blur due to finite depth of field, making
it essential to account for realistic 3D scene representa-
tion. In this study, we propose CoCoGaussian, a Circle
of Confusion-aware Gaussian Splatting that enables pre-
cise 3D scene representation using only defocused images.
CoCoGaussian addresses the challenge of defocus blur by
modeling the Circle of Confusion (CoC) through a physi-
cally grounded approach based on the principles of photo-

*This work was done during an internship at NAVER Cloud.

graphic defocus. Exploiting 3D Gaussians, we compute the
CoC diameter from depth and learnable aperture informa-
tion, generating multiple Gaussians to precisely capture the
CoC shape. Furthermore, we introduce a learnable scal-
ing factor to enhance robustness and provide more flexibil-
ity in handling unreliable depth in scenes with reflective or
refractive surfaces. Experiments on both synthetic and real-
world datasets demonstrate that CoCoGaussian achieves
state-of-the-art performance across multiple benchmarks.

1. Introduction

The emergence of the Neural Radiance Field (NeRF) [20]
has brought significant attention to 3D scene representa-
tion for photo-realistic novel view synthesis. They recon-
struct 3D scenes from images captured from multiple views
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and render images of unseen views. However, since NeRF
models 3D scenes as implicit neural representations through
a ray tracing-based approach, they suffer from inefficient
memory usage. In contrast, a rasterization-based method,
3D Gaussian Splatting (3DGS) [9] explicitly models 3D
scenes using independent 3D Gaussians with different 3D
means, covariances, opacities, and spherical harmonic co-
efficients. The tile-based rasterizer of 3DGS applies alpha
blending to Gaussian splats sorted by visibility order, en-
abling fast training, rendering, and efficient memory usage.

Both NeRF [20] and 3DGS [9] rely on sharp images to
represent 3D scenes accurately, which is a highly ideal as-
sumption. In real-world settings, various factors (e.g., finite
depth of field and camera motion blur) can hinder the cap-
ture of sharp images, leading to image degradation. Achiev-
ing a perfectly sharp image requires every part of the scene
to be in focus, namely all-in-focus, which calls for a large
depth of field. However, obtaining a large depth of field
necessitates using a small aperture, which in turn requires a
longer exposure time to allow enough light to enter the cam-
era. During this extended exposure, even slight movements
of a handheld camera can introduce motion blur. To pre-
vent motion blur, the aperture needs to be widened, but this
comes at the cost of a shallower depth of field. As a result,
areas outside the focus plane appear blurred due to defocus.
Defocus blur is closely related to the concept of the Circle of
Confusion (CoC); as shown in Fig. 1, when a subject is po-
sitioned away from the focus plane, the radiances from the
subject pass through the aperture and are mapped onto the
image sensor in a circular pattern, resulting in shallow depth
of field and defocus blur [7]. However, despite these chal-
lenges, recent research in 3D scene representation has rarely
focused on addressing defocus blur directly. In this paper,
we propose a method to represent 3D scenes using only im-
ages with defocus blur, tackling the CoC-related challenges
posed by real-world image acquisition scenarios.

Recently, there has been increasing interest in recon-
structing 3D scenes using only degraded images, with a
focus on addressing challenges caused by camera mo-
tion blur and defocus blur. Deblur-NeRF [18] is the first
study to take on this task, adopting a blind image de-
blurring approaches [2, 31, 40]. Follow-up studies [10–
13, 25, 26, 37] have expanded this approach beyond ray-
tracing to rasterization-based methods. However, many of
these methods depend heavily on learning-based strategies
and fail to incorporate photographic principles that accu-
rately capture how defocus occurs in real-world scenarios.
While DoF-NeRF [41] adopts the concept of CoC to model
defocus blur in 3D scene representations, it relies on an im-
plicit representation, which leads to slow rendering speeds,
making it less suitable for real-time applications.

In this paper, we propose CoCoGaussian, which lever-
ages a physically grounded photographic defocus princi-

ples to represent 3D scenes. Our method incorporates an
aperture to calculate the CoC diameter based on depth and
learnable aperture information using 3D Gaussians, accu-
rately modeling shallow depth of field images. Using the
CoC diameter and the 3D Gaussian, we generate multiple
Gaussians to form the CoC shape, as illustrated in Fig. 1.
However, when objects with refraction or reflection exist in
the scene, the depth obtained through the Gaussians may
become unreliable. To address this, we propose a method to
keep the set of generated Gaussians within the CoC radius,
introducing a learnable scaling factor to increase flexibility
and reduce dependence on estmiated depth in the CoC mod-
eling. As a result, our model combines physically grounded
defocus principles with an adaptive CoC modeling that ef-
fectively handles uncertain depths, allowing it to reconstruct
sharp 3D scenes using only defocused images. Addition-
ally, our approach has an advantage of learning aperture
and focus plane information, enabling dynamic control over
depth of field and flexible adjustment of the focus plane.
This feature allows for highly customizable scene visual-
ization, adapting to various focus and depth requirements.

To demonstrate the effectiveness of our model, we con-
duct extensive experiments on the benchmarks: the Deblur-
NeRF [18] dataset and the DoF-NeRF [41] real-world
dataset. Our contributions can be summarized as follows:

• CoCoGaussian models the CoC at the 3D Gaussian level,
reconstructing the precise 3D scene and enabling sharp
novel view synthesis from defocused images.

• We propose an adaptive learning approach that robustly
models the CoC even with unreliable depth information.

• CoCoGaussian enables the customizable depth of field
and flexible focus plane adjustment during rendering by
learning aperture and focus plane information.

• CoCoGaussian achieves state-of-the-art performance,
both quantitatively and qualitatively.

2. Related Work

2.1. Scene Representations for Novel View Synthesis

3D scene representation for novel view synthesis has ad-
vanced significantly with the advent of neural radiance
fields (NeRF) [20], a ray tracing-based volumetric ren-
dering method that generates photo-realistic novel view
images from multi-view images. However, as an im-
plicit representation method using deep MLPs, NeRF suf-
fers from slow training and rendering speeds. To ad-
dress this limitation, explicit representation methods such
as Plenoxel [6], TensoRF [3], and Instant-NGP [21] have
been introduced. More recently, 3D Gaussian Splatting
(3DGS) [9], a rasterization-based method, has emerged as
an alternative to ray tracing, significantly mitigating the
speed and memory efficiency constraints of ray tracing-
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based approaches. NeRF and 3DGS has enabled a wide
range of related research, including dynamic scene repre-
sentation [14, 15, 23, 24, 28, 33], human avatars [8, 27, 39],
3D mesh reconstruction [16, 32, 35, 36], 3D scene repre-
sentation from sparse-view images [22, 34, 42, 43], and 3D
scene representation from blurry images [4, 10–13, 18, 25,
26, 37, 46]. In this paper, we propose a method for 3D scene
representation from defocused images by exploiting 3DGS.

2.2. Novel View Synthesis from Blurry Images

Scene representation methods like NeRF [20] and 3DGS [9]
require sharp images as input to render photo-realistic im-
ages. However, in real-world scenarios, capturing sharp
images is challenging, often suffering from image degra-
dation such as camera motion blur and defocus blur. To
address this issue, Deblur-NeRF [18] introduced a 3D
ray-based blurring kernel inspired by image blind deblur-
ring [2, 31, 40], which intentionally generates blurry images
during training. After training, it renders sharp novel-view
images by excluding the trained kernel. Following Deblur-
NeRF, various approaches have been proposed to tackle the
degradation issue. DP-NeRF [11] introduces a kernel based
on the rigid body transformation [17] with prior knowledge
that object shape remains consistent in static scenes, and
PDRF [25] proposes a blur estimation method with 2-stage
efficient rendering. Recently, methods utilizing 3DGS have
been proposed to enable faster rendering. For instance, De-
blurring 3DGS [10] adjusts Gaussian parameters to gen-
erate blurry images during training, and BAGS [26] pro-
poses a blur-agnostic kernel and a blur mask using con-
volutional neural networks (CNNs). DoF-NeRF [41] has
explored modeling defocus blur by leveraging the circle of
confusion (CoC) within an implicit neural representation.
In this paper, we propose a method that also leverages CoC
to model defocus, which enables real-time rendering, while
still maintaining high-quality depth-of-field effects.

3. Preliminary
3.1. 3D Gaussian Splatting

Unlike ray tracing-based methods [1, 3, 20], 3DGS [9] is
built on a rasterization-based approach with differentiable
3D Gaussians. These 3D Gaussians are initialized from
a sparse point cloud obtained via a Structure-from-Motion
(SfM) [29, 30] algorithm and are defined as follows:

G(x) = e−
1
2 (x−µ)⊤Σ−1(x−µ), (1)

where x ∈ R3 is a point on the Gaussian G centered at the
mean vector µ ∈ R3 with an covariance matrix Σ ∈ R3×3.
The 3D covariance matrix Σ is derived from a learnable
scaling vector s ∈ R3 and rotation quaternion q ∈ R4, from
which the scaling matrix S ∈ R3×3 and rotation matrix R ∈

R3×3 are obtained and represented as follows:

Σ = RSS⊤R⊤. (2)

For differentiable splatting [44], the Gaussians in the 3D
world coordinate system are projected into the 2D camera
coordinate system. This projection uses the viewing trans-
formation W ∈ R3×3 and the Jacobian J ∈ R2×3 of the
affined approximation of the projective transformation to
derive the 2D covariance Σ2D ∈ R2×2:

Σ2D = JWΣW⊤J⊤. (3)

Each Gaussian includes a set of spherical harmonics (SH)
coefficients and an opacity value α to represent view-
dependent color c. The pixel color cp is then obtained by
applying alpha blending to N ordered Gaussians:

cp =
∑
i∈N

ciαi

i−1∏
j=1

(1− αj) . (4)

Our approach, as illustrated in Fig. 1, exploits 3DGS
and aims to render defocused images by generating mul-
tiple Gaussians to form the CoC for each Gaussian.

3.2. 3D Scene Blind Deblurring

Image blind deblurring is a technique for learning an im-
age blurring kernel without the supervision of sharp images.
Blurry images are obtained by applying convolution with
a learned blurring kernel to sharp images, where the ker-
nel size is fixed as a grid structure at each pixel position.
Inspired by this approach, Deblur-NeRF [18] applies this
technique to NeRF, presenting a method to represent a clean
3D scene using only blurry images. Specifically, Deblur-
NeRF warps the input ray into multiple rays that constitute
the blur, modeling a ray-based sparse kernel. A blurry pixel
is obtained by combining the pixel colors of each ray:

cblur =
∑

wi
pc

i
p, w.r.t.,

∑
wi

p = 1, (5)

where wp and cp denote the weight and pixel color for
each corresponding ray. Deblur-NeRF enhances learning
efficiency by setting the number of warped rays smaller
than the kernel size of 2D convolution, and it designs a de-
formable kernel by adaptive origins and directions of rays.

As we adopt a rasterization method based on 3DGS [9],
we propose an alternative approach: instead of warping
rays, we generate 3D Gaussians in the shape of the CoC
and render them. In other words, the defocused image is
estimated by setting the generated 3D Gaussians, namely
CoC Gaussians, as the blurring kernel.

4. Method
4.1. CoCoGaussian Framework

Our goal is to represent a 3D scene using only defocused
multi-view images, leveraging fundamental photographic
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Figure 2. We take the camera position xcam and the base Gaussian parameters µB , sB , and qB as inputs to the MLP hθ , which produces
five outputs in total. (a) We set the depth d(µB) as the Euclidean distance between xcam and µB . Using the output K from hθ , the d(µB),
and the learnable focus plane dF , we apply Eq. (7) to determine the CoC diameter. The diameter, combined with the outputs β and d from
hθ , is then used in Eq. (9) to compute the offset values for µCoC. By adding these offsets to µB , we obtain the GCoC means. (b) We obtain
sCoC and qCoC by applying Eqs. (10) and (11) to δsCoC and δqCoC, the outputs of hθ . (c) Using µCoC, sCoC, and qCoC, we get the GCoC.
Finally, we rasterize GCoC along with GB to produce (M + 1) images, and apply a weighted sum to generate the final defocused image.

principles to guide our method. We generate 3D Gaus-
sians to capture a blurring kernel shaped as the CoC. The
whole framework of CoCoGaussian is on Fig. 2. First, we
compute the CoC diameter using the Gaussian depth, de-
rived from the means of the given base 3D Gaussian set
GB , which consists of N Gaussians, along with the camera
position and aperture information (Sec. 4.2). Next, for the
base Gaussian set GB , we generate M CoC Gaussian sets
GCoC, resulting in a total of (M ×N) Gaussians to capture
the CoC shape. However, when the scene contains objects
with refraction or reflection, the Gaussian depth may be un-
reliable, which can lead to suboptimal CoC diameter. To
address this issue, we propose an adaptive CoC Gaussian
generation method that minimizes the dependence on depth
for GCoC (Sec. 4.3). Finally, we incorporate adaptive ro-
tation quaternion and scaling vector adjustments, inspired
by the Deblurring 3DGS [10] approach, to allow flexible
learning of GCoC. Furthermore, we apply Eq. (5) to im-
ages rendered from GB and GCoC, using a weighted sum
approach [12, 26] to create the final blurry image. This
photography-prior-based approach allows us to accurately
represent 3D scenes using only defocused images while ad-
hering to realistic defocus principles.

4.2. Circle of Confusion from 3D Gaussians

To model the CoC, we assume an ideal system that ignores
distortions such as lens aberrations. Before generating the
CoC Gaussian sets GCoC, we first need to obtain the CoC
diameter, which depends on several factors: the aperture di-
ameter D, focal length f , focus plane dF , and depth p. The
focus plane represents the distance from the camera posi-
tion to the plane in focus. We define the depth d(µB) as the
Euclidean distance between the camera position xcam ∈ R3

and the means of the base Gaussian set µB ∈ RN×3. Ex-
ploiting these values, we express the CoC diameter σ(µB)
as follows [7]:

σ(µB) = fD × |d(µB)− dF |
d(µB)(dF − f)

, (6)

where dF is set to a learnable parameter and initialized as
the average distance between xcam and the points in the
SfM point cloud to ensure stable training. Note that the
focus plane dF is specific to each input image. Additionally,
because the focal length f is usually much smaller than the
focus plane dF , we modify Eq. (6) as follows:

σ(µB) ≈ K ×
∣∣∣∣ 1

d(µB)
− 1

dF

∣∣∣∣ , (7)
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where the product of the focal length and aperture diameter
is represented as a single learnable scalar K = f ×D [41].

We design a simple MLP hθ parameterized by θ to esti-
mate the scalar K. Then, the aperture parameter K is ob-
tained by passing these features as inputs to hθ, along with
the scaling vectors sB ∈ RN×3 and rotation quaternions
qB ∈ RN×4 of GB . This approach allows us to obtain the
CoC diameter σ(µB) for the GB , marking the first step in
modeling GCoC.

4.3. Adaptive CoC Gaussian Generation

After obtaining the CoC diameters, we use these diameters
to generate M CoC Gaussian sets GCoC. For the Gaussian
parameters of GCoC, we set the spherical harmonics (SH)
coefficients and opacity values identical to those of GB ,
while varying only the means µ, scaling vectors s, and ro-
tation quaternions q. The means of each CoC Gaussian set
are created by adding offsets ∆µCoC ∈ RM×N×3 to µB , de-
fined as µCoC = µB +∆µCoC. Since ∆µCoC are 3D vector
sets, we obtain unit vector sets d ∈ RM×N×3 represent-
ing the directions from GB to GCoC, which are additional
outputs from the MLP hθ discussed in the previous section.
Moreover, since GCoC consist of a total of M Gaussian sets,
The direction vectors d consist of M instances:

∆µCoC;m =
σ(µB)

2
dm, where m ∈ M. (8)

However, theses offsets ∆µCoC presents two potential
issues. First, this approach places all GCoC only on the
boundary of the CoC, which limits its ability to fully cap-
ture the defocus effect. Modeling the entire CoC, in-
cluding its interior, would allow for a more accurate and
flexible representation of defocus blur. The second issue
arises when there are refractive or reflective surfaces in
the scene, as these subjects can lead to incorrect optimiza-
tion of the Gaussian means, making the CoC diameter ob-
tained through Eq. (7) unreliable. To address these prob-
lems, we introduce simple learnable CoC scaling parame-
ters β ∈ (0, 1], which are additional outputs of hθ. The pa-
rameter β is learned within the range of 0 to 1, ensuring that
µCoC resides within the CoC boundary. Additionally, even
when depth is inaccurately measured and the predicted CoC
diameter is larger than the actual size, β adaptively scales it
down. Thus, the offset ∆µCoC is modified by applying β as
follows:

∆µCoC;m =
σ(µB)

2
βmdm. (9)

Additionally, similar to Deblurring 3DGS [10], we in-
troduce scaling factors δsCoC ∈ RM×N×3 and δqCoC ∈
RM×N×4, which allow flexible learning of the scaling vec-
tors sCoC and rotation quaternions qCoC of GCoC. These
factors are also the outputs of hθ. The parameters δsCoC
and δqCoC are multiplied by the corresponding parameters

of the base Gaussian set GB , specifically sB and qB , and
are expressed as follows:

sCoC;m = sB × δsCoC;m, (10)

qCoC;m = qB × δqCoC;m, (11)

where the scaling parameters are constrained by the fixed
values δsmax and δqmax: δsCoC ∈ [1, δsmax] and δqCoC ∈
[1, δqmax].

We obtain a total of M means of CoC Gaussian sets
µCoC, scaling vectors sCoC, and rotation quaternion qCoC.
They are combined with the opacity and SH coefficients of
GB , generate the M Gaussian sets GCoC:

xCoC;m, sCoC;m, qCoC;m, αB , SHB → GCoC;m. (12)

We rasterize the resulting M Gaussian sets along with the
base Gaussian set, producing (M + 1) images. Then, using
the weighted sum approach from Eq. (5), as detailed in the
following section, we obtain the final blurry image.

4.4. Optimization

Weighted Sum. To apply Eq. (5) to the (M + 1) images
I rasterized from GB and GCoC, we adopt the methods of
recent studies [12, 26]. We use a shallow CNN F to com-
pute pixel-wise weights W for these images, applying a
softmax function to ensure that the weights for each pixel
sum to 1. Then, we multiply each image by its correspond-
ing weight and sum the results to obtain the final defocused
image Iblur:

Iblur =

M+1∑
m=1

ImWm, where W = softmax(F(I)), (13)

where Im represents the image rasterized from GCoC;m, and
IM+1 represents the image rasterized from GB .

Objective. We minimize the L1 loss and D-SSIM loss
LD-SSIM between the ground truth defocused image and the
output defocused image. The L1 loss reduces the pixel-
wise differences between images, while the D-SSIM loss
minimizes structural differences between them. The final
objective Lrgb is defined as follows:

Lrgb = (1− λ)L1 + λLD-SSIM, (14)

where we use λ = 0.3 for all experiments.

5. Experiments
Datasets. We evaluate our method on three different
datasets: the Deblur-NeRF [18] synthetic dataset, the
Deblur-NeRF real-world dataset, and the DoF-NeRF [41]
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Table 1. Comparisons on Deblur-NeRF synthetic and real-world
scene dataset. We evaluate the performance on three metrics
(PSNR, SSIM, LPIPS). “*” denotes the results obtained by repro-
ducing the released code. The orange and yellow cells respec-
tively indicate the highest and second-highest value.

Methods
Synthetic Scene [18] Real-World Scene [18]

PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓

Naive NeRF [20] 25.95 0.7791 0.2303 22.40 0.6661 0.2310
3DGS [9] 25.11 0.7476 0.2148 23.38 0.6655 0.3140

Deblur-NeRF [18] 28.37 0.8527 0.1188 23.47 0.7199 0.1207
PDRF-10 [25] 30.08 0.8931 0.1101 23.85 0.7382 0.1746
DP-NeRF [11] 29.33 0.8713 0.0987 23.67 0.7299 0.1082

Deblurring 3DGS* [10] 28.90 0.8912 0.1052 23.54 0.7383 0.1232
BAGS* [26] 30.65 0.9128 0.0631 23.48 0.7408 0.0962

Ours 30.84 0.9212 0.0478 23.70 0.7531 0.0825

Table 2. Comparisons on DoF-NeRF real-world scene dataset.

Methods DoF-NeRF Real-World Scene [41]

PSNR↑ SSIM↑ LPIPS↓

3DGS [9] 25.72 0.8291 0.1817

DP-NeRF [11] 26.80 0.8145 0.1790

Deblurring 3DGS [10] 26.58 0.8386 0.1708
BAGS [26] 29.87 0.8816 0.1100

Ours 30.14 0.9127 0.0701

real-world dataset. The Deblur-NeRF synthetic dataset con-
sists of 5 scenes, each containing defocused images gener-
ated using the built-in function of Blender [5]. The Deblur-
NeRF real-world dataset includes 10 scenes, with images
captured by enlarging the aperture on a Canon EOS RP.
The DoF-NeRF real-world dataset comprises 7 scenes, each
containing 20 to 30 image triplets. Each triplet includes
an all-in-focus image, along with two defocused images fo-
cused on the background and foreground. Since DoF-NeRF
does not provide training code, we use half of the training
defocused images with a foreground focus and the other half
with a background focus. All camera poses and initial point
clouds are obtained through COLMAP [29, 30].

5.1. Rendering Results

Quantitative Results. We quantitatively evaluate our
CoCoGaussian using the following three metrics: peak
signal-to-noise ratio (PSNR), structural similarity index
measure (SSIM) [38], and learned perceptual image patch
similarity (LPIPS) [45]. We compare our approach
to several state-of-the-art methods, including both ray-
tracing [11, 18, 25] and rasterization-based methods [10,
26]. Quantitative results are shown in Tab. 1 and Tab. 2,
where our approach achieves the best performance across
all metrics except for PSNR on the Deblur-NeRF real-world

dataset. Note that we report the reproduced performance
scores for Deblurring 3DGS [10] and BAGS [26] using
their official codes. The Deblur-NeRF real-world dataset
inherently presents challenges, as there are illumination dif-
ferences between the sharp and defocused images, lead-
ing to relatively lower PSNR score. We discuss this issue
in the appendix. For the DoF-NeRF dataset, CoCoGaus-
sian achieves outstanding performance across all metrics,
with an approximately 0.04 reduction in LPIPS compared
to BAGS. Since the DoF-NeRF dataset has a higher resolu-
tion than the Deblur-NeRF dataset, this performance drop
in BAGS is likely due to its requirement for manual ad-
justment of blurring kernel size, highlighting an intrinsic
limitation. Conversely, Deblurring 3DGS shows minimal
improvement over 3DGS, which can also be attributed to
its limited kernel size relative to the higher resolution. The
details regarding the time complexity of our model are pro-
vided in the appendix.

Qualitative Results. For qualitative evaluation, we
present the rendering results of 3DGS [9], Deblurring
3DGS [10], and BAGS [26] in Fig. 3. Our method demon-
strates higher-fidelity results compared to others. Specifi-
cally, in the fourth row of our results, the white line on the
rightside is rendered more sharply, and in the fifth row, the
detailed quality of the graphic card appears superior to that
of BAGS. Additionally, more CoC visualizations similar to
Fig. 1 (b), are in the appendix.

5.2. Ablation Study

To validate the effectiveness of our proposed methods, we
perform a series of ablation studies, with all experiments
conducted on the DoF-NeRF real-world dataset. We chose
this dataset as it is based on real captured images and does
not present the illumination issues found in the Deblur-
NeRF real-world dataset, ensuring more reliable evaluation.
The results are summarized in Tab. 3, where the baseline de-
notes naive 3DGS [9]. Additional ablative experiments with
other factors are in the appendix.

Circle of Confusion. To demonstrate the impact of our
core concept, CoC, we conduct an experiment that excludes
the CoC from the model, retaining only βm and dm. This
configuration yields significantly lower performance than
the full model, indicating an over-reliance on parametric
learning. The result suggests that without the CoC, which
leverages depth and aperture information, the means of the
generated Gaussian sets are not optimally arranged, leading
to overfitting.

CoC Direction Vector. In this experiment, we retain the
CoC concept but exclude the learnable direction vectors
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Reference Ground TruthBAGS OursDeblurring 3DGS3DGS

Figure 3. Qualitative comparison on the Deblur-NeRF and DoF-NeRF datasets.

dm. Instead of using learnable vectors, we use fixed direc-
tion vectors, arranging M CoC Gaussians evenly in a circu-
lar pattern on a plane perpendicular to the vector between
the camera position and the base Gaussian. This configura-
tion slightly underperforms compared to the full model, as
the fixed directions restrict optimal Gaussian position, pre-
venting adaptation to the most reliable configuration.

CoC Scaling Factor. In this setup, we include the learn-
able direction vector while omitting the CoC scaling fac-
tor βm. Although the performance is slightly better than
when the direction vector is excluded, it remains lower than
that of the full model. Without the CoC scaling factor, CoC
Gaussian generation becomes overly dependent on depth,
leading to errors in CoC diameter calculation when depth
values are inaccurate. Including the CoC scaling factor
enables the full model to handle uncertain depth more ro-
bustly, improving performance. Related visualization re-

sults are in the appendix.

Aperture Parameter. The aperture parameter K includes
the aperture diameter and focal length, and it plays a criti-
cal role in determining the size of the CoC. Without this
parameter, there is an upper limit to the CoC diameter cal-
culation, making accurate computation challenging. Exper-
imental results indicate that although performance is some-
what lower than the full model, it is improved over the base-
line. This suggests that while the model is unable to deter-
mine precise CoC size without K, it still learns the focus
plane and captures the in-focus region accurately.

5.3. Experiments on All-in-Focus Images.

We conduct novel view synthesis experiments using all-in-
focus images to verify the generalization performance of
CoCoGaussian. We utilize the NeRF-LLFF [19, 20] dataset,
which contains real-world images. As shown in Tab. 4, our

16107



Large Aperture Small Aperture

Closer Focus Plane Farther Focus Plane

Figure 4. Visualization of Aperture parameter and Focus Plane Customization. The top row of images decreases the aperture parameter K
from left to right, while the bottom row moves the focus plane dF further from the camera from left to right.

Table 3. Ablation Results of CoCoGaussian.

Methods PSNR↑ SSIM↑ LPIPS↓

Baseline [9] 25.72 0.8291 0.1817

w/o CoC 28.29 0.8778 0.0927
w/o CoC direction vector 28.91 0.8893 0.0896
w/o CoC scaling 29.46 0.9058 0.0793
w/o aperture parameter 27.37 0.8510 0.1113

Ours Full 30.14 0.9127 0.0701

approach outperforms the baseline 3DGS [9] across all met-
rics. In practice, when the aperture is very small, radiance
from a point on the subject forms a tiny CoC on the image
sensor after passing through the aperture, even if the subject
is slightly away from the focus plane. Because the CoC is
so small, the resulting image is not perceived as defocused.
By modeling this small circle, which is difficult to detect
with the human eye, our approach achieves higher perfor-
mance than the baseline 3DGS. Related CoC visualizations
are in the appendix.

5.4. Customizable Depth of Field and Focus Plane

Customizing the depth of field and focus settings is essen-
tial in various applications, such as augmented reality (AR)
and virtual reality (VR), where control over depth cues and
focus effects can greatly enhance visual realism and viewer
engagement. Since our approach incorporates the aperture
parameter K in CoC modeling, it enables customization of
both CoC size and depth of field by adjusting this parameter.
The top row in Fig. 4 visualizes increasing depth of field by
gradually reducing K from left to right. As the focus plane
is positioned at a shallow depth, the model consistently cap-
tures focus in this region. However, in the leftmost image,
the large aperture causes the CoC size to increase at deeper
depths, resulting in defocus blur.

Additionally, our model can customize the focus plane
of defocused images, as shown in the bottom row of Fig. 4,
where the focus plane shifts from shallow depth on the left
to deeper depth on the right. The shallow regions are in fo-

Table 4. Results on NeRF-LLFF [19, 20] Dataset.

Methods PSNR↑ SSIM↑ LPIPS↓

3DGS [9] 27.10 0.8619 0.0569
Ours 27.76 0.8738 0.0372

cus on the leftmost image, while deeper areas remain out of
focus, and the opposite holds for the rightmost image. This
level of control over focus and depth effects is essential for
achieving realistic depth cues. Therefore, CoCoGaussian
not only demonstrates superior capability in synthesizing
sharp novel view images but also provides enhanced flexi-
bility in adjusting aperture and focus plane settings.

6. Limitation and Future Work
While our model demonstrates strong qualitative and quan-
titative performance, there is potential for further optimiza-
tion in the adaptive CoC scaling factor. To ensure training
stability, we currently limit the factor size, enabling adap-
tive optimization mainly when the CoC diameter is over-
estimated. However, future improvements could enhance
adaptability to handle cases where the CoC diameter is un-
derestimated, further improving depth handling in complex
scenes without compromising stability.

7. Conclusion
In this work, we propose CoCoGaussian, a 3D scene
representation method that effectively leverages photo-
graphic defocus principles to handle defocused image in-
puts. CoCoGaussian accurately models defocus blur by
constructing the CoC through 3D Gaussians and learnable
aperture parameters. We introduce an adaptive CoC Gaus-
sian generation method to address the challenges posed by
uncertain depth, making our model robust to reflective or
refractive objects. Our approach demonstrates the feasi-
bility and effectiveness of representing 3D scenes from de-
focused images, advancing possibilities for applications in
real-world image synthesis.
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