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Abstract

Single image defocus deblurring (SIDD) is a challenging
task that aims to recover an all-in-focus image from a de-
focused one. In this paper, we make the observation that
a defocused image can be viewed as a blend of illuminated
blobs based on fundamental imaging principles, and the de-
focus blur in the defocused image is caused by large illumi-
nated blobs intermingling with each other. Thus, from a
novel perspective, we perform SIDD by adjusting the shape
and opacity of the illuminated blobs that compose the defo-
cused image. With this aim, we adopt a novel 2D Gaus-
sian blob representation for illuminated blobs and a dif-
ferentiable rasterization method to obtain the parameters
of the 2D Gaussian blobs that compose the defocused im-
age. Additionally, we propose a blob deblurrer to adjust
the parameters of the 2D Gaussian blobs corresponding
to the defocused image, thereby obtaining a sharp image.
We also explore incorporating prior depth information via
our depth-based regularization loss to regularize the size of
Gaussian blobs, further improving the performance of our
method. Extensive experiments on five widely-used datasets
validate the effectiveness of our proposed method.

1. Introduction

Single image defocus deblurring (SIDD) aims to recon-
struct an all-in-focus image from a single defocused and
blurry input. SIDD is essential for removing unwanted blur
from captured images, which often contain defocus blur
resulting from photographing scenes with varying depths.
Deblurring images through SIDD can also significantly
enhance the performance of downstream machine vision
tasks (e.g., object detection [6, 9] and semantic segmen-
tation [34, 53]) for important practical applications. Ex-
isting SIDD works can be broadly divided into two ap-
proaches: i) Conventional SIDD approaches typically em-
ploy a two-step process involving defocus map estima-
tion [8, 11, 16, 18, 28, 60] followed by deconvolution meth-
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Figure 1. Due to the varying distances between objects and the
lens, the sizes of the illuminated blobs formed on the film plane
differ, resulting in some objects appearing sharp while others ap-
pear blurred (i.e., with larger illuminated blobs).

ods [3, 12, 21] using the estimated defocus maps for defocus
deblurring. ii) Recently, end-to-end deep learning-based
approaches [2, 24, 36–38, 45, 49] have been introduced for
SIDD, where a deep neural network (DNN) is trained to
map defocused images to their sharp counterparts. Existing
state-of-the-art (SOTA) methods [37–39] are mostly based
on deep learning, and typically focus on learning the de-
focus kernel or its inverse, employing intricately designed
networks that utilize the learned defocus kernels or inverse
kernels for SIDD. Despite recent progress in SIDD, the task
remains challenging, particularly in scenarios involving de-
focus blur with large blur areas [38, 49], severely blurred
regions [36], and irregularly shaped blurs [24, 45]. There
are also challenges in terms of the model’s ability to gener-
alize across different datasets [37].

To better address the challenging SIDD task, it is crucial
to review how the phenomenon of defocus blur is formed
from fundamental imaging principles. As shown in Fig. 1,
defocus blur is a common “degradation” in optical systems
caused by variations in scene depth during image capture.
Within an optical system (e.g., camera), lenses are em-
ployed to refract incoming light, directing the light rays to
converge at the apex of a conical path. When an object is po-
sitioned such that the apex of this cone aligns precisely with
the film plane, the light rays form small illuminated blobs
on the film plane, rendering the object in sharp focus. This
specific distance where objects appear sharp and clear is
known as the focal plane. Objects positioned away from the
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focal plane cause the light rays to diverge, forming larger
illuminated blobs on the film plane that intermingle with
other blobs, thus producing a blurry appearance in the cap-
tured image [45, 49]. Hence, due to the inherent physical
properties of the camera and its lenses, defocused images
can be interpreted as being composed from numerous illu-
minated blobs of varying sizes, where the larger illuminated
blobs lead to defocus blur in the resulting images. It is worth
noting that the illuminated blobs here are not necessarily
perfectly circular; they match the shape of the aperture and
can also be oval, polygonal, or other shapes [42, 54].

In this work, based on the insights from defocused pho-
tography discussed above, we approach SIDD from a novel
perspective, by modeling the formation process of defo-
cused images. Then, by leveraging the modeled formation
process, we can effectively perform deblurring on the defo-
cused images to obtain sharp images. However, it is very
challenging to model the formation process of a defocused
image, since it is an inherently ill-posed problem. This diffi-
culty arises because we often lack crucial information, e.g.,
the camera’s focal length and aperture size, making it dif-
ficult to directly apply optical principles to compute the re-
sulting defocus blur. Consequently, a key question naturally
emerges: how do we tackle SIDD according to the funda-
mental optical imaging principles of photography, despite
its challenges and ill-posed nature?

To address the above question and effectively model the
formation process of defocused images, we draw inspira-
tion from 3D Gaussian Splatting (3D GS) [19], a method
for 3D scene representation that has gained significant at-
tention in the areas of 3D scene deblurring [22], single-
view reconstruction [27, 46, 50, 56, 68], novel view syn-
thesis [4, 5, 10, 33, 67], 3D generation [51], and im-
age compression [63]. Specifically, inspired by Deblur-
ring 3D GS [22] and GaussianImage [63], we propose a
novel approach that represents defocused images as stacks
of 2D Gaussian blobs, i.e., via 2D Gaussian blob represen-
tation [63]. Intuitively, by representing the defocused im-
ages with a set of 2D Gaussian blobs, we encourage each
2D Gaussian blob to model an illuminated blob that con-
tributes to the defocused image, which allows us to bet-
ter model the formation process of the defocus blur. Our
method involves several key designs: First, to represent the
defocused image via the 2D Gaussian blob representation,
we design a rasterization method to facilitate optimization
in an end-to-end differentiable manner. Next, after model-
ing the formation of the defocused image via our 2D Gaus-
sian blob representation, we introduce a blob deblurrer that
adjusts the shape and opacity of each 2D Gaussian blob to
perform the deblurring. The adjustment by the blob deblur-
rer reduces the blur on defocused images by decreasing the
size of the 2D Gaussian blobs (i.e., illuminated blobs) and
reducing their intermingling. Finally, to further improve the

quality of the conversion process between the defocused im-
ages to 2D Gaussian blobs, we enhance our method with a
depth-based regularization loss using pre-trained depth es-
timators, which leads to further performance gains.

By taking a different approach as compared to previous
methods, our proposed method holds a few advantages. To
be specific, traditional two-stage SIDD methods typically
rely on manually defined kernels to estimate the defocus
blur, but the blurring patterns in real-world defocused im-
ages can be quite complex and may not conform to these
manually defined kernels. Thus, trying to model the com-
plex blurs with manually defined kernels may impede ac-
curate defocus map estimation and successful defocus de-
blurring [45, 49]. Our method does not employ defocus
map estimation and does not rely on any such kernels, thus
we avoid facing such errors. On the other hand, current
SOTA end-to-end DNN-based SIDD approaches [37–39]
often operate under the assumption that the blurring in an
image can be modeled by blurring kernels which are ap-
plied in a convolutional manner to the original sharp image,
Through this modelling, they attempt to learn the inverse
kernels (deconvolutional kernels) to effectively deblur the
images. However, these works make the assumption that
the blurring in the image is the result of a (convolutional)
kernel, which might not hold well in real-world scenarios.
Therefore, since our method does not rely on such assump-
tions, we avoid such issues that may affect our performance.
Overall, our approach achieves more effective deblurring
and demonstrates strong generalizability, as shown by our
extensive experiments.

In summary, our contributions are as follows: (i) We
tackle SIDD from a novel perspective, by viewing defo-
cused images as blended illuminated blobs based on fun-
damental imaging principles. (ii) We propose a deblurring
framework for performing SIDD on defocused images rep-
resented by 2D Gaussian blobs, that adjusts the size, shape
and opacity of the 2D Gaussian blobs to achieve deblur-
ring. (iii) To further improve performance, we introduce a
depth-based regularization loss to regularize the Gaussian
blob optimization process, regularizing the sizes of Gaus-
sian blobs based on prior depth information. (iv) We con-
duct extensive experiments to assess the performance of our
proposed framework, where we demonstrate SOTA perfor-
mance across multiple benchmarks.

2. Related work
Two-stage SIDD. Conventional SIDD typically employs a
two-stage approach: estimating a defocus map [3, 8, 11, 16,
18, 23, 28, 35, 48, 55, 60, 64, 65] from the input defocused
image, followed by applying the non-blind deblurring meth-
ods [12, 21, 25, 28, 31, 41, 58] using the defocus kernels
derived from the defocus map. The majority of two-stage
approaches for the SIDD focus predominantly on the initial
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Figure 2. Illustration of our proposed SIDD pipeline. We first represent the defocused image using illuminated blobs (2D Gaussian blobs)
through a rasterization method. Then, we adjust the size, shape, and opacity of the 2D Gaussian blobs with a blob deblurrer to minimize
the intermingling between the blobs, thereby enhancing the clarity of the resulting image.

stage—defocus map estimation. The subsequent stage typi-
cally involves implementing existing non-blind deconvolu-
tion techniques [12, 21, 25]. Significant effort [16, 35, 48]
has been dedicated to enhancing the accuracy of defocus
map estimation, as it substantially influences the perfor-
mance of deblurring processes. Despite significant efforts
by researchers, the two-stage approaches for the SIDD still
exhibit limitations. First, blur kernel estimation is typically
based on manually defined kernels and may lack precision.
Second, even with an accurately estimated blur kernel, de-
convolution can introduce ringing artifacts along edges due
to the Gibbs phenomenon [57]. Unlike traditional two-stage
SIDD methods, which typically rely on manually defined
kernels for defocus map estimation and subsequently de-
blurring defocused images, our method takes a novel per-
spective to SIDD. We represent defocused images using
2D Gaussian blobs and perform deblurring by adjusting the
shape and opacity of these blobs.
End-to-end DNN-based SIDD. Recently, deep end-to-end
learning has emerged as a promising approach for SIDD,
with researchers increasingly adopting end-to-end DNN
to directly restore sharp images from defocused images.
The seminal work [1] involves training an encoder-decoder
CNN that maps a defocused image to its in-focus coun-
terpart, achieving significant performance gains over tradi-
tional two-stage methods. Deep end-to-end learning-based
SIDD methods [2, 7, 17, 24, 26, 29, 32, 36–38, 44, 45, 49,
61, 66] generally surpass conventional two-step approaches
in both performance and efficiency. However, current SOTA
deep end-to-end learning approaches [37–39] for SIDD as-
sume that the defocus blurring in the image can be modeled
by a convolutional kernel, an assumption that may not be
valid in real-world scenarios. Different from current SOTA
deep end-to-end learning SIDD methods [37–39], our ap-
proach does not assume that the blur in defocused images is
caused by specific blur kernels. We approach SIDD from a
novel perspective by modeling the formation of defocused
images based on fundamental imaging principles, specifi-
cally modeling how such defocused images result from the
blending of various illiuminated blobs. After representing
the image with 2D Gaussian blobs, we adjust the size, shape
and opacity of the blobs to reduce the intermingling be-
tween pixels, thereby yielding sharper images.
3D Gaussian Splatting (3D GS). 3D GS [19] represents

a significant advancement in 3D scene representations, en-
abling high-quality real-time rendering, and has been ap-
plied across various domains, including 3D scene deblur-
ring [22], single-view reconstruction [27, 46, 50, 56, 68],
novel view synthesis [4, 5, 10, 33, 67], 3D generation [13,
15, 51], and image compression [63]. Since 3D GS is an
efficient representation [19, 63], its applications have led
to significant advancements within each respective domain.
In this paper, we adopt a novel perspective to model the
fundamental principles underlying defocus deblurring. In-
spired by [22, 63], we represent the defocused image us-
ing blended 2D Gaussians blobs, and adopt a rasterization
method to facilitate the optimization. Our proposed ap-
proach effectively models the blur of the defocused image
from the standpoint of imaging principles, leading to im-
proved SIDD performance.

3. Method

Defocus blur is a degradation phenomenon in optical sys-
tems when capturing images of scenes with varying depths.
Objects that are out of the focal plane have their light rays
diverge, forming large illuminated blobs on the film plane
that overlap with others, causing the objects to appear blurry
in the captured image. To recover an all-in-focus image
with sharp and clear details from a defocused image, our
key insight is that we can represent the defocused image in
terms of “illuminated blobs”, and then we can adjust the
size, shape, and opacity of the illuminated blobs in defo-
cused images to minimize the intermingling between them,
thereby enhancing the clarity of the resulting image. The
overall pipeline of our method is depicted in Fig. 2.

Specifically, from a new perspective, we propose using
2D Gaussian blobs to represent illuminated blobs in defo-
cused images. To render images from 2D Gaussian blobs,
we adopt a differentiable rasterization method (Sec. 3.1).
Then, we introduce a blob deblurrer (Sec. 3.2) to adjust the
size, shape and opacity of each 2D Gaussian blob, thereby
performing the deblurring. Additionally, to improve the
fitting of the defocused image to our 2D Gaussian blob
representation, we design a depth-based regularization loss
(Sec. 3.3), which regularizes the sizes of 2D Gaussian blobs
based on their depths, since the size of illuminated blobs is
often highly correlated with depth. Finally, we detail the
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training and testing processes of our method (Sec. 3.4).

3.1. Fitting to our 2D Gaussian blob representation
To represent the illuminated blobs that comprise defocused
images, inspired by [22, 63], we adopt a 2D Gaussian blob
representation. Specifically, given an input defocused im-
age, we first fit it with the 2D Gaussian blob representation,
where the image is represented with N Gaussian blobs. In-
tuitively, by representing the defocused image with a set of
2D Gaussian blobs, we encourage each 2D Gaussian blob to
model an illuminated blob of the defocused image, thereby
allowing us to model the formation process of the defocused
image. Next, to obtain the defocused image from the 2D
Gaussian blob representation, we develop an efficient ras-
terization method to render the image formed by these 2D
Gaussian blobs, which facilitates the optimization process
of representing the input image with 2D Gaussian blobs. In
this subsection, we first describe our 2D Gaussian blob rep-
resentation, followed by the rasterization method used for
rendering these 2D Gaussian blobs.
2D Gaussian blob representation. Defocused images con-
sist of a stack of illuminated blobs that are blended together,
and our goal is to model these illuminated blobs, thereby
modeling the formation process of the defocused images.
Yet, this can be challenging, since illuminated blobs can
take various shapes (e.g., oval, polygonal, etc) based on
the shape of the aperture [42, 54], as well as various sizes
and colors. To address this challenge, we represent the
defocused image with N 2D Gaussian blobs [63], where
each Gaussian blob contains a set of attributes (i.e., pa-
rameters) representing the location (u), size and shape (Σ),
color (c), and opacity (o). These parameters enable our
Gaussian blobs to effectively model and approximate cir-
cular/polygonal/oval shapes of various sizes, while also ac-
counting for individual color and opacity. Below, we detail
each attribute and how they are encoded.

Specifically, the distribution represented by each i-th
Gaussian blob Gi(x) can be defined as:

Gi(x) = exp

(
−1

2
(x− ui)

⊤
Σ−1

i (x− ui)

)
, (1)

where ui ∈ R2 encodes the position of the i-th 2D Gaussian
blob, i.e., the coordinates of the central point, Σi ∈ R2×2

is the covariance matrix that determines the shape and size
of the Gaussian blob, while x ∈ R2 is the variable encod-
ing the location of the queried point on the image. In par-
ticular, the covariance matrix Σi encodes the rotation and
scaling of the Gaussian blob, and needs to remain positive
semi-definite during parameter updates to maintain a fea-
sible shape. Therefore, to naturally enforce this constraint
during parameter updates, we follow [63] by further decom-
posing the covariance matrix Σi and optimizing the decom-
posed form instead. The covariance matrix Σi is decom-

posed as follows:

Σi = RiSiS
⊤
i R⊤

i ,where

Ri =

[
cos(θi) − sin(θi)
sin(θi) cos(θi)

]
, Si =

[
s1,i 0
0 s2,i

]
.

(2)

Here, θi represents the rotation angle, and s1,i and s2,i are
scaling factors along the directions of each eigenvector. Im-
portantly, with this decomposition, we can freely update the
parameters θi, s1,i, s2,i while naturally constraining Σi to
be positive semi-definite. This is because Σi is the result of
multiplying matrix RiSi with itself, thus ensuring that the
resulting Σi is positive semi-definite.

Additionally, each i-th 2D Gaussian blob has color pa-
rameters ci ∈ R3 which are normalized RGB values, where
the color of the Gaussian blob at each point x is given by:

ci(x) = ci · exp
(
−1

2
(x− ui)

⊤Σ−1
i (x− ui)

)
. (3)

Note that each blob also has an opacity value oi ∈ R, which
is only applied during rasterization, as discussed below.
Rasterization. Next, we need a way to convert input de-
focused images to the 2D Gaussian blob representation dis-
cussed above. One promising way is to randomly initialize
a set of 2D Gaussian blobs, then follow the 3D GS [19] ap-
proach to optimize the Gaussian blob parameters to fit the
input defocused image. Yet, this approach requires a ras-
terization technique to render images from the 2D Gaussian
blob representation, which should also ideally be differen-
tiable to facilitate convenient end-to-end optimization. To
address these issues, we modify the tile rasterizer [19] to
develop a differentiable and efficient rasterization method
tailored to the 2D Gaussian blobs. We also note that 3D GS
involves 3D to 2D projection with EWA [69] estimation,
but, as we can directly represent 2D Gaussian blobs effi-
ciently with no projection required, we can achieve much
faster rasterization.

Specifically, following the intuition that each defocused
image can be seen as being composed of a stack of over-
lapping illuminated blobs, our rasterization method also re-
gards the rendered image as a blend of layers, with each
layer being a 2D Gaussian blob. Therefore, during rasteri-
zation, for each pixel in the rendered image, we compute the
color of the pixel by blending the effects from all 2D Gaus-
sian blobs, where the color C(x) at a pixel location x of the
rendered image is computed as the cumulative sum of these
2D Gaussian blobs’ colors weighted by their opacities:

C(x) =

N∑
i=1

ci(x) · oi, (4)

where ci(x) represents the color of the i-th Gaussian blob at
pixel location x (calculated using Eq. (3)), and oi represents
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the opacity of the i-th Gaussian blob. With this formulation,
the rasterization process only uses differentiable operations,
and is thus fully differentiable. Besides, our rasterization
method is implemented in CUDA to make parallel calcula-
tions of pixel colors, thus making it efficient.
2D Gaussian blob initializer. Yet, obtaining a good-quality
Gaussian blob representation of the defocused image ne-
cessitates multiple rounds of rasterization and optimization,
which can be time-consuming and may hinder the efficiency
of our method in practical applications. To address this is-
sue, inspired by previous works [50, 51], we design an effi-
cient 2D Gaussian blob initializer which adopts a fully con-
volutional U-Net architecture [43]. The initializer is crafted
to perform the transformation from an input defocused im-
age to a high-quality initialization of its 2D Gaussian repre-
sentation in a single step.

3.2. Deblurring by adjusting Gaussians’ attributes

In the previous subsection, we discuss how to represent de-
focused images using 2D Gaussian blobs. Here, we explo-
re how to effectively deblur these defocused images represe-
nted by 2D Gaussian blobs, by adjusting the size, shape and
opacity of the 2D Gaussian blobs with our blob deblurrer.

As discussed in Sec. 1, fundamental imaging principles
suggest that defocus blur is caused by large illuminated
blobs (see Fig. 1). Hence, to deblur defocused images, we
need to adjust the size of these large illuminated blobs ap-
propriately. To achieve this, we draw inspiration from [22]
and design a blob deblurrer. As shown in Fig. 2, our pro-
posed blob deblurrer takes the stack of 2D Gaussian blobs
and their parameters as input, and modifies their covariance
and opacity parameters. Modifying the covariance param-
eters reduces the size of the large Gaussian blobs (large il-
luminated blobs), removing the blurriness caused by the di-
vergence of light rays that come from outside the focal plane
(see Fig. 1). At the same time, because the luminous flux on
the downscaled illuminated blobs should still remain con-
sistent compared to their previous larger size, their bright-
ness will also need to be adjusted. Hence, to allow for these
adjustments, our blob deblurrer also adjusts the opacity of
the 2D Gaussian blobs. Below, we explain our blob deblur-
rer in more detail.
Blob deblurrer. Our blob deblurrer, denoted as fbd, is a
Transformer model that takes as input the parameters of all
N 2D Gaussian blobs, where each i-th Gaussian blob in-
cludes the parameters: central points ui, rotation matrix Ri,
scaling matrix Si, color ci, and opacity oi.

Specifically, given the all N Gaussian blobs as input,
our deblurrer fbd performs a one-time forward pass to pro-
duce four outputs (∆θi,∆s1,i,∆s2,i,∆oi) for each of the
N Gaussian blobs. Then, these outputs are used to update
the Gaussian parameters, as follows:

∆ϕi = clamp(∆θi,min = 0,max = π), (5)

R′
i =

[
cos(θi +∆ϕi) − sin(θi +∆ϕi)
sin(θi +∆ϕi) cos(θi +∆ϕi)

]
, (6)

S′
i =

[
s′1,i 0
0 s′2,i

]
where

{
s′1,i = min

(
s1,i − ReLU(∆s1,i), 0.1

)
,

s′2,i = min
(
s2,i − ReLU(∆s2,i), 0.1

)
,

(7)

o′i = clamp
(
(oi +∆oi),min = 0,max = 1

)
. (8)

Here, the outputs R′
i, S

′
i, and o′i represent the attributes

of the modified 2D Gaussian blobs. Since our aim is
to perform deblurring by reducing the size of the Gaus-
sian blobs, we ensure that the scaling factors s1,i and
s2,i are decreased by subtracting the non-negative values
ReLU(∆s1,i) and ReLU(∆s2,i) respectively (see Eq. (7)).
For improved training stability, we enforce lower bounds on
s1,i−ReLU(∆s1,i) and s2,i−ReLU(∆s2,i), ensuring they
are clamped to values no less than 0.1. We also constrain
the value range of the predicted ∆θi based on the symmet-
ric nature of the elliptical shape (see Eq. (5)), transforming
it to ∆ϕi ∈ [0, π] before applying ∆ϕi to adjust the rotation
matrix (see Eq. (6)). Besides, the term oi + ∆oi in Eq. (8)
is clamped to the range [0, 1].

3.3. Depth-based regularization loss
As discussed in Secs. 3.1 and 3.2, through our novel per-
spective, we are able to perform deblurring according to
fundamental imaging principles by representing defocused
images using 2D Gaussian blobs. However, the conversion
of images to 2D Gaussian blobs may not always be so clear
cut and can be quite ambiguous, with many different com-
binations to optimize the 2D Gaussian blobs. For instance,
ambiguous areas of the image may be modeled with fewer
but bigger blobs, or with more but smaller blobs. In these
ambiguous cases, the optimization may depend on the ini-
tial placement of the Gaussian blobs, where if an area starts
with fewer Gaussian blobs, it may tend to continue to use
fewer blobs. The ambiguity and inconsistency of the Gaus-
sian blob sizes in such situations may affect the effective-
ness of our blob deblurrer in deblurring the images.

To address this issue, we revisit the formation process of
the illuminated blobs and observe that the size of each blob
is often influenced by the relative distance between the cor-
responding object (point light source) and the focal plane,
i.e., the depth difference between them. Thus, to resolve
the ambiguity, we propose to leverage depth priors from a
pre-trained depth estimator to regularize the Gaussian blob
sizes. Below, we first introduce the relationship between the
blob sizes and the depth differences, and then explain how
to integrate depth priors into our framework.
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Figure 3. Visualizing the parameters of the imaging process.

It is well known that, the diameter D of the illumi-
nated blob on the film plane caused by a point light source
p located outside of the focal plane, is calculated as fol-
lows [14]:

D =
f ·A
d2

·
∣∣∣∣d2 − d1
d1 − f

∣∣∣∣ = f ·A
|d1 − f |

·
∣∣∣∣1− d1

d2

∣∣∣∣ , (9)

where f is the lens’ focal length, A represents the diame-
ter of the lens’ aperture, d1 and d2 represent the distances
from the focal plane and the point light source p to the lens,
respectively. See Fig. 3 for a visualization of these parame-
ters. Since the values of A, f , and d1 are constant for each
defocused image, Eq. (9) can be rewritten as:

D ∝
∣∣∣∣1− d1

d2

∣∣∣∣ . (10)

As shown in Eq. (10), a linear relationship can be observed
between the diameter D of the illuminated blob and a func-
tion of the relative depths |1 − d1

d2
|. Next, guided by this

relationship, we incorporate depth priors into our proposed
framework to regularize the size of the Gaussian blobs.

It is worth noting that our 2D Gaussian blob is repre-
sented as an ellipse, not a circle. Therefore, we denote its
diameter D using the area-equivalent diameter, which can
be interpreted as the diameter of a circle with the same area
as the ellipse. Thus,

D = 2
√
Dmajor ·Dminor, (11)

where Dmajor and Dminor denote the lengths of the major
and minor axes, respectively. In our method, the lengths of
the major and minor axes, Dmajor and Dminor, are deter-
mined by the scaling factors s1 and s2 in the scaling matrix
S (see Eq. (2)). Hence, following Eq. (10), we can establish
the relationship between scaling matrix parameters (s1 and
s2) and depth (d1 and d2) as:

√
s1s2 = K

∣∣∣∣1− d1
d2

∣∣∣∣ . (12)

Then, reorganizing this expression leads us to the following
equation:

1

K2
s1s2d

2
2 + 2d1d2 − d21 = d22. (13)

We note that in Eq. (13), the right side (d22) can be directly
computed with the help of a depth estimator. Consequently,
after we obtain the depth prior d2, they can act as guidance
signals for the optimization of the left hand side, which con-
sists of learnable parameters (i.e., s1, s2, d1,K) to be opti-
mized. Thus, the regularization loss Lreg can be defined as:

Lreg =
(
d22 − [

1

K2
s1s2d

2
2 + 2d1d2 − d21]

)2
(14)

By applying Lreg to the Gaussians and using the depth
values (d2) at their central points as guidance, we can regu-
larize their sizes (i.e., the scaling matrix parameters s1 and
s2) based on the depth information. We also note that, while
s1 and s2 are parameters specific to individual Gaussian
blobs, d1 and K are image-level parameters that remain
fixed for a single image, meaning they are shared across
all Gaussian blobs. As such, we treat d1 and K as learnable
image-level parameters to be updated during training. Over-
all, by applying this depth-based regularization loss dur-
ing the Gaussan blob optimization phase, we can regularize
the size of Gaussian blobs according to their corresponding
depths, which can improve the consistency of their sizes and
facilitates better performance by the blob deblurrer.

3.4. Training and testing procedures

Training. Given the input defocused image Id, we first
compute its depth map via a pre-trained depth estima-
tor [40], and then generate the predicted deblurred image
Ip through the following steps: (i) We input the defocused
image Id along with its depth map into the initializer (de-
scribed at the end of Sec. 3.1) to obtain an initial 2D Gaus-
sian blob representation Φ (Sec. 3.1). (ii) We optimize the
image-level parameters (d1, K) and Φ to bring the render-
ing Ir of Φ – which is rendered using rasterization (Eq. (4))
– closer to the input defocused image Id. For the optimiza-
tion, we apply the loss L, where

L = MSE(Ir, Id) + λr · SSIM(Ir, Id) + λregLreg, (15)

and λr, λreg are hyperparameters. (iii) The obtained 2D
Gaussian blob representation Φ, its depth information d2,
and the optimized image-level parameters (d1, K) are
passed through the blob deblurrer (Sec. 3.2) in a one-time
forward pass to perform deblurring and obtain the adjusted
2D Gaussian blob parameters Φa (Eqs. (6) to (8)). (iv) We
render the image through rasterization (Eq. (4)) from Φa to
get the deblurred image Ip as our output.
Testing. During testing, we are initially given an input de-
focused image Id. Then, we follow the steps (i, ii, iii, iv)
discussed above to obtain the deblurred image Ip.
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Table 1. Quantitative comparisons on DPDD and LFDOF datasets.
Best and Second Best results are highlighted.

Model DPDD LFDOF
PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓

DPDNet [1] 24.348 0.747 0.277 - - -
AIFNet [44] 24.213 0.742 0.309 29.677 0.884 0.202
IFANet [24] 25.366 0.789 0.217 29.787 0.872 0.156
KPAC [49] 25.221 0.774 0.226 28.942 0.857 0.174

GKMNet [36] 25.468 0.789 0.219 29.081 0.867 0.171
MDP [2] 25.347 0.763 0.268 28.069 0.834 0.185

DRBNet [45] 25.485 0.792 0.254 30.253 0.883 0.147
MPRNet [30] 25.730 0.792 0.232 - - -

Restormer [59] 25.980 0.811 0.178 - - -
INIKNet [38] 26.055 0.803 0.185 30.293 0.886 0.132
NRKNet [37] 26.109 0.810 0.210 30.481 0.884 0.147

GGKMNet [39] 26.272 0.810 0.215 30.552 0.886 0.154

Ours (w/o depth) 26.431 0.827 0.171 30.660 0.889 0.129
Ours 26.651 0.835 0.168 30.885 0.892 0.123

4. Experiments

4.1. Experiment setup
Evaluation datasets and metrics. Following previous
works [1, 38, 44], we train our models on two widely-
used datasets, DPDD [1] and LFDOF [44]. To evaluate
the generalization performance of our method, we also test
our method on three additional datasets, RTF [11], Re-
alDOF [24], and CUHK [47]. Since CUHK dataset [47]
lacks ground truths, it is only used for qualitative evalua-
tion.
Evaluation metrics. Following previous works [38], we
employ three metrics for quantitative evaluation: i) Peak
Signal to Noise Ratio (PSNR); ii) Structural SIMilarity in-
dex (SSIM); iii) Learned Perceptual Image Patch Similarity
(LPIPS) [62] assesses perceptual similarity between images
using deep learning features, leveraging pre-trained neural
networks to compare image patches, with lower values in-
dicating higher perceptual similarity.
Baselines. We select 12 representative NN-based SIDD
methods for comparison, including DPDNet [1], AIFNet
[44], IFANet [24], KPAC [49], GKMNet [36], MDP [2],
DRBNet [45], Restormer [59], INIKNet [38], NRKNet
[37], MPRNet [30], and GGKMNet [39]. We report exper-
iment results for these baselines by referring to their pub-
lished papers if they are available, otherwise we report the
results using their released pretrained models and code.
Implementation details. After obtaining the predicted 2D
Gaussian blob parameters by the initializer, we optimize the
defocused image’s Gaussian parameters with the Adam op-
timizer [20] for 600 iterations. For all our experiments, we
set λr and λreg to 0.3 and 0.2, respectively. We initialize
d1 as the average depth value from the predicted depth map
corresponding to the defocused image, and set the initial
value of K to 0.05. Our initializer is an U-Net [43]. Note
that the number of Gaussians (N ) for each image varies ac-
cording to the initializer. Following previous SIDD meth-

Table 2. Quantitative comparisons on RealDOF and RTF
datasets, with models trained on DPDD and LFDOF. Best and
Second Best results are highlighted.

Model RealDOF RTF
PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓

Tr
ai

ne
d

on
D

PD
D

DPDNet [1] 22.870 0.670 0.425 23.608 0.591 0.296
AIFNet [44] 23.093 0.680 0.413 24.041 0.758 0.289

MDP [2] 23.500 0.681 0.444 24.012 0.738 0.312
KPAC [49] 23.975 0.762 0.338 24.618 0.777 0.236
IFANet [24] 24.712 0.748 0.306 24.924 0.801 0.227

GKMNet [36] 24.254 0.732 0.392 24.970 0.789 0.261
DRBNet [45] 24.884 0.751 0.376 24.463 0.773 0.311
MPRNet [30] 24.541 0.736 0.339 24.588 0.788 0.304

Restormer [59] 25.091 0.762 0.285 24.212 0.821 0.224
NRKNet [37] 25.148 0.768 0.338 25.931 0.829 0.215
INIKNet [38] 25.231 0.765 0.287 25.450 0.834 0.215

GGKMNet [39] 25.355 0.770 0.320 26.012 0.846 0.210

Ours (w/o depth) 25.567 0.772 0.281 26.114 0.855 0.207
Ours 25.793 0.778 0.278 26.280 0.864 0.204

Model RealDOF RTF
PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓

Tr
ai

ne
d

on
L

FD
O

F

IFANet [24] 22.504 0.669 0.483 26.437 0.838 0.238
KPAC [49] 22.550 0.671 0.457 25.959 0.803 0.230

AIFNet [44] 22.623 0.667 0.461 27.552 0.882 0.176
GKMNet [36] 23.609 0.721 0.408 26.985 0.856 0.246

MDP [2] 22.726 0.680 0.453 25.580 0.809 0.228
DRBNet [45] 22.910 0.691 0.437 26.717 0.853 0.200
NRKNet [37] 23.528 0.716 0.431 28.047 0.889 0.145
INIKNet [38] 23.810 0.724 0.356 27.401 0.885 0.179

GGKMNet [39] 24.108 0.735 0.385 28.308 0.905 0.140

Ours (w/o depth) 24.219 0.750 0.362 28.451 0.909 0.136
Ours 24.425 0.762 0.355 28.585 0.913 0.132

ods [37, 38], we augment training images by applying ran-
dom flipping, rotation, and cropping. Tile size for the ras-
terization is set to 16, which is also used as the block width
in CUDA. Our blob deblurrer is a Transformer [52] that is
composed of 3 blocks, each containing a feedforward net-
work and a self-attention layer. We train the deblurrer for
20K iterations using the AdamW optimizer [20], starting
with an initial learning rate of 5× 10−2, which is gradually
reduced to 2× 10−3. In our work, we employ DPT [40] as
the depth estimator, which is a vision transformer that per-
forms full-resolution predictions at different stages of the
model, providing fine-grained and globally coherent depth
predictions. Notably, we observe that DPT often produces
decent depth estimation results even in defocused regions
(see Fig. 5 in the main paper and Fig. 1 in the supplemen-
tary material).

4.2. Quantitative results

DPDD and LFDOF datasets. In Tab. 1, we present the
quantitative results on the DPDD and LFDOF datasets.
Besides our full method (Ours), we also run experiments
without using the depth information (i.e., the depth-based
regularization loss in Sec. 3.3), and report the results as
(Ours w/o depth). Even without using depth informa-
tion, our method already consistently surpasses existing
baselines across all metrics on both DPDD and LFDOF
datasets. Moreover, when the depth-based regularization
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Input Ours INIKNet NRKNet DRBNet GKMNet Ground truth

No ground truth

No ground truth

Figure 4. Qualitative comparison using models trained on the DPDD dataset. The visualization results are from the CUHK dataset. Note
that CUHK does not provide ground truths.

Defocused image Depth Defocused image Depth Defocused image Depth Defocused image Depth

Figure 5. Defocused images from DPDD and CUHK datasets, with their corresponding estimated depth maps.

loss is added, our performance improves even further across
all metrics, showing its efficacy. These results demonstrate
the efficacy of our novel approach to SIDD, hinting at its
huge potential.
RealDOF and RTF datasets. The models trained on
DPDD and LFDOF datasets are then evaluated on RealDOF
and RTF datasets; results are reported in Tab. 2. We ob-
serve that, even without depth information, our method al-
ready attains SOTA performance across almost all metrics
on both RealDOF and RTF. This demonstrates the strong
generalization capabilities of our approach. Moreover, us-
ing the depth-based regularization loss (Sec. 3.3) leads to
even better performance across all metrics. These results
show the superior generalizability of our method compared
to existing baselines.

4.3. Qualitative results

Qualitative comparison on CUHK dataset. In Fig. 4, we
compare the visualization results of our method with the
SOTA SIDD methods [36–39, 45] on CUHK dataset. In the
second column we present the outputs of our method , and
we observe that our method consistently produces clearer
and sharper images compared to existing methods, achiev-
ing superior visual quality. For instance, compared to ex-
isting methods (columns 3-6), our method better recovers
image structures and details, restores clearer text, and pro-
duces fewer artifacts.
Visualization of the predicted depth map. We provide vi-
sualizations to demonstrate the quality of the depth maps
generated by the pretrained depth estimation model DPT
in Fig. 5. Note that, we perform this evaluation qualita-
tively since all datasets used in our experiments do not offer
ground-truth depth information. From these visualizations,

it can be observed that the depth maps produced by DPT
often exhibit good quality, which can provide useful infor-
mation for our depth-based regularization loss.

4.4. More Experiments

Analysis on adjustment of Gaussian blob size. To verify
the efficacy of our method, we further investigate the impact
of adjustments to the Gaussian blob size. As the scaling fac-
tors s1 and s2 in the Gaussian blob representation (Eq. (2))
determine the blob sizes, we first compute the average ad-
justments in the mean values of s1 and s2 before and after
applying our method on the DPDD dataset. Specifically, on
average across all test images in the DPDD dataset, the val-
ues of s1 and s2 decrease on average by 21.1% and 18.9%
respectively after applying our method for deblurring.

5. Conclusion

In this paper, from a novel perspective, we perform
Single image defocus deblurring (SIDD) by adjusting
the illuminated blobs that comprise the defocused im-
age. To this end, we adopt a novel 2D Gaussian blob
representation and a differentiable rasterization method to
obtain the corresponding 2D Gaussian blob parameters
of the defocused image. Besides, we also introduce a
blob deblurrer to perform defocus deblurring by mod-
ifying the size, shape and opacity of the 2D Gaussian
blobs in our work. Moreover, we explore a depth-based
regularization loss to further enhance the performance
of our method. With the proposed framework, our
method achieves good results on five widely-used datasets.
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