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Correcting Optical Aberration via Depth-Aware Point
Spread Functions

Jun Luo , Yunfeng Nie , Wenqi Ren , Member, IEEE, Xiaochun Cao , and Ming-Hsuan Yang , Fellow, IEEE

Abstract—Optical aberration is a ubiquitous degeneration in re-
alistic lens-based imaging systems. Optical aberrations are caused
by the differences in the optical path length when light travels
through different regions of the camera lens with different inci-
dent angles. The blur and chromatic aberrations manifest signif-
icant discrepancies when the optical system changes. This work
designs a transferable and effective image simulation system of
simple lenses via multi-wavelength, depth-aware, spatially-variant
four-dimensional point spread functions (4D-PSFs) estimation by
changing a small amount of lens-dependent parameters. The image
simulation system can alleviate the overhead of dataset collecting
and exploiting the principle of computational imaging for effective
optical aberration correction. With the guidance of domain knowl-
edge about the image formation model provided by the 4D-PSFs,
we establish a multi-scale optical aberration correction network
for degraded image reconstruction, which consists of a scene depth
estimation branch and an image restoration branch. Specifically,
we propose to predict adaptive filters with the depth-aware PSFs
and carry out dynamic convolutions, which facilitate the model’s
generalization in various scenes. We also employ convolution and
self-attention mechanisms for global and local feature extraction
and realize a spatially-variant restoration. The multi-scale feature
extraction complements the features across different scales and
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provides fine details and contextual features. Extensive experi-
ments demonstrate that our proposed algorithm performs favor-
ably against state-of-the-art restoration methods.

Index Terms—Point spread functions, optical aberration
correction, scene depth estimation, image simulation.

I. INTRODUCTION

O PTICAL aberrations vary with different imaging lenses,
scenes, and regions. These aberrations manifest as un-

wanted blurs, and these degradations become severe with the
increasing field of views and various scene depths. Considerable
efforts have been made to restore low-quality images degraded
by optical aberrations [1], [2], [3], [4], [5]. Modern camera lenses
are usually achieved by increasingly complex stacks of lens
elements with carefully designed lens parameters to eliminate
these individual aberrations. Although modern lens systems
effectively minimize optical aberrations to a certain degree,
the increasing demands of various objects in large depth-of-
field, wide field-of-view (FOV), and broad-spectrum make it
extremely challenging to meet all ends by merely using optical
designs while maintaining a cost-effective trade-off.

Recently, the aberration correction task has been transferred
from the optical design process to image processing algorithms
in many commercial camera manufacturers. The conventional
image processing method is a continuous process involving
multiple operations. However, the optical aberration correction
errors will be accumulated and amplified with these continuous
operations [10]. Unlike traditional approaches that suffer from
the correction error accumulation challenge, deep learning-
based methods [11], [12] have successfully been applied to
reconstruct high-quality results recently. However, since deep
learning-based models are data-dependent, they are less practi-
cal and transferable when confronted with real-world data [13].
Therefore, constructing datasets consistent with the realistic
scene distribution is critical for deep learning methods [14].
Numerous achievements have been made to collect and re-
port considerable data towards this goal in recent years [15],
[16]. However, according to the recent advance of learning
theory [17], more training data is required, especially when
confronting domain shift in some complicated scenarios [18].
In addition, new data collecting is needed when adopting a data-
driven algorithm to a new optical system [19] because different
optical systems manifest significant discrepancies. Therefore,
designing a transferable dataset construction method that com-
bines lens, sensor, and scene information is essential. To achieve
this, Chen et al. [3] establish an image simulation system based
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Fig. 1. Optical aberration correction example of a real-world image taken by the Nikon D7100 camera. We compare the proposed algorithm with DeblurGANv2 [6],
MPRNet [7], IFAN [8], DFUNet [3], and Restormer [9]. Our method generates a sharper image with more clear details.

on ray tracing and coherent superposition [20]. Given the lens
data and sensor parameters, it synthesizes images of a definite
object at a fixed distance. However, the scene depth information
is neglected in the PSF estimation process, which is unsuitable
for large depth-of-view scenes. Given that the captured image
on a 2D sensor is the superposition of sliced images in different
depths. The image blur does not only result from varying PSFs
in the spatial dimensions but also depth-induced degradation.

In this work, we revisit the imaging procedure for realistic 3D
scenes by proposing the full 4D-PSF computing model under
multiple wavelengths, different FOVs, and scene depths. This
model addresses the issues mentioned above and presents a
more realistic, transferable, scene-aware imaging process. With
the proposed 4D-PSF dictionary, an image simulation pipeline
is presented that can collect data under arbitrary scenes with
minimal overhead cost. Furthermore, we establish a multi-scale
optical aberration correction network to achieve low-cost, high-
quality imaging for simple lenses. It shifts the aberration cor-
rection process to the image processing pipeline and reduces the
complexity of optical lens design. Specifically, we predict adap-
tive filters with the depth-aware 4D-PSFs and carry out dynamic
convolutions to facilitate the model generalization in various
scenes. It can utilize the underlying knowledge (e.g., lens, sensor,
and scene) about the image formation process provided by the
4D-PSFs and achieve an effective spatially-variant optical aber-
ration correction. In addition, the feature extraction is performed
with the convolution and self-attention mechanisms, which can
reconcile global and local representations in a complementary
manner. To reconstruct a high-quality image with fine details and
complete structure, we employ the multi-scale feature extraction
strategy to increase the diversity of features and learn both
fidelity and texture generation simultaneously. Fig. 1 shows
that with the 4D-PSF guidance, our algorithm can generate
more details than other methods. More experiments demonstrate
that the proposed optical correction model performs favorably
against other methods regarding reconstruction accuracy.

The main contributions of this work are:
� We establish a depth-encoded image simulation algorithm

that mimics the image formation process for realistic 3D
scenes and alleviates the overhead of dataset acquisi-
tion. We propose using multi-wavelength, depth-aware,
spatially-variant PSF computing to construct a complete

four-dimensional PSF dictionary. This 4D-PSF computing
model includes the most influential factors of an imaging
process and can transfer to any optical system.

� We realize the optical aberration correction network using
the full 4D-PSFs as guidance information. Adaptive filters
are predicted with the depth-aware PSFs to carry out dy-
namic convolutions. This self-adaptive filter facilitates the
model generalization in various scenes.

� Both convolution and self-attention mechanisms are used
to extract global and local representation for achieving a
spatially-variant image restoration. In addition, multi-scale
feature extraction is employed to complement the features
across different scales and provide fine details and contex-
tual features.

II. RELATED WORK

A. Point Spread Function Estimation

Image restoration aims to solve an inverse problem using
deconvolution methods. Prior constraints [21], [22], [23], [24]
are crucial for the ill-posed image deconvolution problem to
generate pleasing images. These deconvolution methods can be
non-blind or blind, depending on whether the PSFs are calibrated
or measured beforehand. Numerous non-blind deconvolution
algorithms have been proposed using PSFs, which are explicitly
estimated from a single image [25], [26], [27], [28], [29], or
measured by specially designed systems [21], [30], [31]. With
the obtained PSFs, high-quality images can be recovered through
image deconvolution [21], [27]. Moreover, the PSFs are fixed in
the subsequent image restoration process. Blind deconvolution
methods calculate the PSFs along with the image restoration
process. These methods usually dynamically update PSFs and
obtain high-quality images in an iterative manner [32]. In recent
years, deep learning-based methods have achieved significant
success in deconvolution problems to produce high-quality im-
ages. These approaches transform the image deconvolution into
network-based calculations with the PSFs, which can handle var-
ious degradations. Several methods [33], [34], [35] optimize the
diffractive optical elements (DOEs) and PSFs in an end-to-end
manner. These methods are combined with optical system design
and image processing to achieve optical aberration correction.
The diffraction element has a small size and weight, which can be
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easily inserted into the optical system. Precisely designed optical
diffractive elements can be used to correct aberrations. In this
work, we leverage the domain knowledge of image formation
provided by PSFs to generate filters for dynamic convolutions.

Aside from uniform image restoration, non-uniform image
restoration in complex scenes modeled with spatially variant
degradation formulations can be achieved via pixel-wise decon-
volutions [36], [37], [38], [39]. With the assumption that the
PSFs vary smoothly locally, the non-uniform deconvolution can
be approximated with patch-wise uniform deconvolution [2],
[21], [27], [40] to accelerate the calculation. In this work, we
also perform patch-wise image restoration for complex scenes.

B. Computational Imaging

The captured images can be formulated as a convolution
of the sharp images and PSFs. Optical aberrations result in
spatially varying PSFs. Existing methods estimate the PSFs
from the inputs with realistic image statistics and degradation
knowledge. The Zernike polynomial coefficients are estimated
statistically, and a Zernike model is used in [41] to describe
the lens aberration. An efficient filter flow-based method [42]
exploits the reflection symmetry, rotational symmetry, and ra-
dial distributions of the PSFs to describe the non-uniform blur
kernels.

Recent works employ a machine learning-based method that
estimates the PSFs for the given camera lens [43]. Given the
lens prescriptions (focal length, aperture, focusing distance, and
white balance information), Shih et al. [30] propose to simulate
the PSFs on the image plane according to virtual object points.
In [3], an image simulation system is developed based on ray
tracing and coherent PSF superposition. Given the lens data and
sensor parameters, it mimics the imaging process of a definite
object at a fixed distance. However, the scene depth information
is neglected in the PSF estimation, which may lead to degraded
performance in large depth-of-view scenes. In this work, we
consider the scene depth information and provide the depth
information during the image simulation process.

C. Optical Aberration Correction

Recently, deep convolutional neural networks (CNNs) have
been successfully applied to the optical aberration correction
task. Unlike conventional approaches that suffer from formula-
tion, normalization, and optimization challenges, deep models
directly restore high-quality images from low-quality inputs
and outperform hand-crafted priors-based methods in accu-
racy. These CNN-based aberration correction methods can be
briefly divided into two categories: with and without guidance
information. The models without guidance information [7], [8]
directly learn the mapping relationships between the inputs and
the output. The guided domain knowledge of computational
imaging (e.g., lens, sensor, and scene) has not been considered
in the restoration process [33], [34], [35]. These methods ignore
the instinct scene information and diversity of camera lens
construction. Since the guidance information can facilitate the
image aberration correction by narrowing the domain gap of
different capturing scenes and devices, a few approaches [3],

[38], [44], [45], [46] are developed based on this principle to
restore contents. With guidance information, these methods can
generate more distinct edges. As the guidance information is
mainly determined by limited and fixed experimental settings by
these methods, there are numerous issues to be addressed. First,
the guidance information is assumed to be spatially uniform,
which differs different from the image formation process with
a wide field-of-view (FOV) and broad spectrum. Second, the
feature extraction of existing optical correction models ignores
the global relationship that directly determines the reconstructed
structural information in the results. Third, these methods only
consider variations of two-dimensional spatial positions, result-
ing in inappropriate results in real-world scenes with a large
depth of field.

III. PROPOSED METHOD

The proposed method comprises an image formation chain
and an optical aberration correction module. First, the im-
age dataset is constructed by computing depth-aware, multi-
wavelength, and spatially-variant PSFs based on Huygens’
wavelet theory illustrated in Fig. 2. We also include depth infor-
mation in the image simulations to mimic real-world scenes. In
the second step, the degraded images are recovered by a multi-
branch neural network. The pipeline of the proposed method is
shown in Fig. 3.

A. Image Formation

1) 4D-PSF Computing: Estimating PSFs of an optical sys-
tem has been mainly addressed by geometrical raytracing [47],
Fast Fourier Transform (FFT) [48], and Huygens’ wavelets
theory [49]. Geometrical raytracing has been frequently used in
most commercial optical design software due to its fast speed,
and precise results are given in most circumstances. However,
it does not consider the diffraction effect, thus only suitable for
largely aberrated optical systems, and cannot yield reliable PSFs
for diffraction-limited designs. FFT-based computing comes
from the Fourier optics theory [50], which concludes that the
point spread function is the Fourier transform of the aberrated
pupil function at the exit pupil. Beneficial from the modern
signal processing technique, this method is also fast and accurate
when the image plane is perpendicular to the chief ray, namely
in telecentric optical systems. Unlike these two approaches,
Huygens’ wavelet theory has the least approximation during
the calculation, so it is universal to almost all circumstances.
Therefore, we use Huygens’ PSFs for their high performance,
adaptability, and scalability in most optical systems.

Each optical system can be seen as a black box from the
entrance pupil to the exit pupil, as illustrated in Fig. 2. Assuming
an object points from infinity (or finite distances), it enters the
optical system as a wavefront, which becomes the Huygens’
wavelet:

U(r) = A(r)ei�(r), (1)

where A is the amplitude, � is the wave phase, and r is the
spatial position of an arbitrary point on the wavefront. The
wavefront propagates throughout the whole optical system.
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Fig. 2. Illustration of the Huygens’ PSF computing process in any optical system. It can be seen as a black box from the entrance pupil to the exit pupil. Each
object point goes into the entrance pupil as a wavefront (WF) that becomes the Huygens’ wavelets. Aberrations are introduced throughout all the optical components
during the propagation of a WF. Thus, it becomes the aberrated WF at the exit pupil. The corresponding point spread function is the intensity based on the complex
amplitude integral of all the aberrated wavelets on the image detector.

Fig. 3. Pipeline of PSF computing, image simulation, and optical aberration correction. In the image formation process, the camera lens encodes wavelengths,
scene depths, and fields of view-dependent PSFs in the degraded image. In the image processing chain, the optical parameters of the lens are applied to decode the
spatially variant blurring aberrations. It jointly combines synthetic data acquisition, spatial-adaptive network architecture, and optical parameters to recover latent
images.
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It ends at the exit pupil as an aberrated wavefront due to
the introduced aberrations from all the optical components in
the optical path. Given a point at P0(x, y) on the exit pupil, the
aberrated wavefront has a phase delay ��(x, y) when referring
to the ideal spherical wavefront. The phase difference ��(x, y)
is proportional to optical path difference (OPD) by a factor of
wave number k, which can be readily calculated from classic
geometrical raytracing or aberration theories [47]. Therefore,
the Huygens’ wavelet at this point is represented as

U(P0) =
A
r01

eikr01P (x, y)ei��(x,y), (2)

where r01 is the optical path length from the ideal spherical
wavefront to its image point P1, k = 2�/� is the wave number
of wavelength �.P (x, y) is the pupil function that constrains the
wavelet to be within the effective aperture of the exit pupil. So,
the complex amplitude at the image point P1 on the detector is
the integral of all the wavelets on the exit pupil,

U(P1) =
� �

A
r01

eikr01ei��(x,y)P (x, y) cos��n, �r01�dxdy,

(3)
where �n is the normal of the exit pupil plane, cos��n, �r01� is the
cosine of the inner product of two vectors, also known as the
oblique factor, which is the ignored term in the FFT PSFs. As
the point spread function is the intensity captured on the detector,
it is calculated by

K(P1) = U(P1)U �(P1). (4)

As the Huygens’ wavelet U(r) in (1) is usually the function
of wavelength � and normalized two-dimensional field of view
(hx, hy) on one specific object plane. When the scene depth d
in the object scene is in a large range (from very close to far
away), the change in the wavelet position r will also be affected
drastically. Therefore, the point spread function K in (4) is of
those four dimensions, written as K(�, hx, hy, d).

Considering a natural scene to be captured by a known camera,
the spectral information is integrated into three color channels
with the quantum efficiency curves Qc(�),

Kc(hx, hy, d) =
�

c
Qc(�)K(�, hx, hy, d)d�, (5)

where c denotes the spectrum for three color channels r, g, b.
2) Depth Encoded Image Simulation: To mimic this image

formation process, we first estimate the fine depth map for
the ground truth scene IcH(hx, hy, d), then encode this depth
information into the degraded image IcL(hx, hy) by slicing the
ground-truth image patch by patch and convoluting the corre-
sponding depth-aware PSFs for each patch. Thus, the depth-
encoded degraded image is generated by

IcL(hx, hy)=
�

di

{IcH(hx, hy, d) �Kc(hx, hy, d)|d=di}+N,

(6)
where IH and IL denote ground truth and degraded images
respectively, N is Gaussian noise. di � [dmin, dmax], covering
the whole scene depth range.

B. Aberration Correction Network

The proposed optical aberration correction network consists
of the scene depth estimation and image restoration branches.
In the scene depth estimation network, we estimate the initial
scene depth map of the degraded image and obtain the depth
map with clear structures, which corresponds to the sharp image
and is used as guidance information in the image restoration
branch. With the 4D-PSF dictionary and the estimated depth
map mentioned above, the depth-aware spatially variant PSFs
of the specific image can be calculated and promote adaptive
image restoration in the optical aberration correction process.

1) Image Restoration: We treat this optical aberration cor-
rection task as a non-blind image restoration problem, where a
degraded image IL, the scene depth map DH , and the depth-
aware degradation PSFs K are given to restore the aberration-
free image IH . Despite claiming our method as non-blind, we
note that it can be used for blind image restoration by incorpo-
rating any other PSF estimation algorithm,

IH = �(IL,K,DH). (7)

To calculate the specific depth-aware PSFs of the image pair
(IL, IH), we search the corresponding PSFs of every patch with
different scene depths in the established 4D-PSF library. The
average value of the pixel-wise scene depths in each patch is
used to present the depth of patch pn,

Dpn =
�

Dpn,l

m×m
, (8)

where m×m demonstrates the patch size and l denotes the
pixel index in each patch pn. We obtain the corresponding PSFs
of the specific scene depth with the calculated patch-wise scene
depth map,

Kpn = �(Dpn ,K), (9)

where � is the matrix searching function. Finally, the depth-
aware PSFs of image pair (IL, IH) are obtained with the reunion
of the patch-wise PSFs.

Motivated by the recent success of Kernel Prediction Net-
work [44], [53], we generate multi-scale dynamic filters at each
patch level and apply them to different feature spaces at different
network layers with skip connections (see Fig. 4). It combines
the domain knowledge about the image formation provided by
the depth-aware spatially-variant PSFs and the neighborhood
context information the degraded image offers to facilitate a
spatially-variant image restoration. We use the calculated spe-
cific depth-aware PSFs of the image pair (IL, IH) to predict
adaptive filters and realize dynamic convolutions in the feature
domain. Then, specific depth-aware PSFs of the image pair
(IL, IH) are fed into the sequential convolution modules Conv,
which comprises two 1× 1 convolution layer, a depth-wise
3× 3 convolution layer, and one residual block to expand feature
dimension and obtain three-scale filters.

Meanwhile, a degraded image is fed into the convolution
module Conv and self-attention module SA to obtain multi-
scale global and local contextual image features and detailed
information. As shown in Fig. 4, the Conv module consists of
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Fig. 4. Multi-scale optical aberration correction network for degraded image reconstruction. The adaptive filters with depth-aware PSFs are predicted and used
to carry out dynamic convolutions. Both convolution (Conv) and self-attention (SA) mechanisms are utilized for global and local representation extraction.

a point-wise convolution layer, a 3× 3 depth-wise convolution
layer, a linear point-wise convolution layer, and a residual layer
when the input and output features of the module are the same
size. Then, the output tensor is fed into the SA module with a
normalization layer. The query, key, and value projections are
generated using a 1× 1 point-wise convolution layer and a 3× 3
depth-wise convolution layer. The query and key projections
are reshaped to reduce computational complexity such that their
dot-product interaction generates a transposed-attention map of
size C × C. Dynamic convolutions are performed at each scale
with image features and predicted filters. The generated filter
�K is of size H ×W × CS2. The filters are then used by a

dynamic convolution on features F of size H ×W × C. For
each position (i, j, c) of the output feature �F is given by

�F (i, j, c) = � �K(i, j, c), �(F (i, j, c))�, (10)

where �K(i, j, c) is aS × S filter reshaped from �K(i, j, c) � 1×
1× S2. �(•) denotes a S × S patch centered at position (i, j, c),
and �•, •� represents the inner product. The refined feature �F is
then cast to the restoration branch. In this work, we set S to 7.
On top of that, we construct a multi-scale architecture, where the
filter generator at each scale predicts dynamic filters separately
further to enlarge the spatial support of the learned filters.

In the fusion process, we combine domain knowledge of
image formation, scene information, and refined features to
yield effective image restoration. Our multi-scale feature fusion

module follows the decoder side of the U-Net [54] architec-
ture. Fig. 4 shows that pyramid features are fed to the fusion
module. Each level is constructed by concatenating the features
through dynamic convolutions and the upsampled feature from
the coarser scale, followed by 3× 3 convolutions and SiLU
activations. The upsampling operation is performed by bilin-
ear sampling and matches the feature resolution of the larger
scale. Finally, we perform a two-layer convolution in the full
resolution and generate the final result. We progressively fuse
information across all scales. In the fusion process, the parallel
branches provide spatial details and contextualized information
concurrently to generate more perceptually pleasing images.

We adopt a depth estimation network to obtain the depth map
DH and feed it into the image restoration branch. The scene
depth estimation branch GD is constructed by a multi-scale
encoder-decoder architecture with skip connections, which is
most similar to the structure of the image restoration branch
except for the dynamic convolutions through some modifications
in channel numbers for fitting the single-channel scene depth
map input,

DH = GD(IL), (11)

2) Training Losses: We train the proposed Optical Aberra-
tion Correction by minimizing the image content and depth
estimation losses. For the content loss, we compute the mean
squared loss, i.e., L2 loss, between the output aberration-free
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Fig. 5. Visualization of PSFs in different fields of view (normalized diagonal field � [0.0, 5.5] on the detector, step size = 1.1 mm) with different scene depths
(object depth d � [1, 10], step size = 1 m. Regard depth d � 10 m as infinity). The PSFs by lens aberration are spatially non-uniform and vary across different
scene depths. Note that the camera lens (focal length = 25 mm, F-number = 4, field of view = 11 mm in diagonal image height) is focused at infinity in this
demonstration. Even in adjustable focusing cameras, this focal plane is located at only one selective depth, not all of them.

Fig. 6. Sample high-quality image patches (High), aberrated image patches (Low), and corresponding PSFs. The depth-aware spatially variant PSFs of a specific
lens are calculated by the proposed optical PSF model. The PSFs are used for image simulation to generate training data for the proposed optical correction network.
We highlight some high-quality and corresponding aberrated image patches with colorful boxes amplified on the right side.

image IH and the ground-truth sharp image Igt,

Lcont = ||IH � Igt||22. (12)

For the depth estimation loss, we use the depth map of the
clear image as a supervisory signal to regularize the depth
estimation network training. We minimize the following L2 loss
function between the estimated depth DH and the ground-truth
depth Dgt,

Ldepth = ||DH �Dgt||22. (13)

IV. EXPERIMENTAL RESULTS

A. Dataset

In this work, we propose a multi-wavelength, depth-aware,
spatially-variant PSF computing model for constructing a com-
plete four-dimensional PSF dictionary. We establish a depth-
encoded image simulation algorithm that mimics the camera
capture process and alleviates the overhead of dataset acquisi-
tion. As shown in Fig. 3, the imaging result of our simulation
system is the input, and the corresponding digital image is the
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Fig. 7. Restoration results of DeblurGANv2 [6], MPRNet [7], IFAN [8], DFDNet [35], DDDNet [51], DFUNet [3], Restormer [9], and our algorithm on the test
data of the NYUv2 dataset [52]. The results by DeblurGANv2 [6] and DDDNet [51] still contain some blurry regions. IFAN [8] cannot handle large blurs well.
Restormer [9] cannot recover some details. DFDNet [35] generate unpleasing colors while MPRNet [7] generates some artifacts. In contrast, our method generates
sharper results closer to the ground truths.

ground truth of our depth-aware optical aberration correction
network (DA-OACNet).

The sensor resolution (1400× 1900) decides the number of
calculated PSFs, i.e., we compute PSFs for every 10× 10 patch.
We calculate 26,600 (140× 190) PSFs for each scene depth
from the triplet lens camera system (focal length = 25 mm,
F-number = 4, field of view = 11 mm in diagonal image
height). For image simulation, we use the calculated depth-aware
PSFs to perform partitioned convolution operations for each
color channel of the high-quality images and reunite them to
obtain aberrated images. We use the NYUv2 dataset [52], which
contains 2,284 images of the resolution of 640× 480 as the
high-quality images to generate training and test data pairs. It
comprises video sequences from a variety of indoor scenes as
recorded by both the RGB and depth cameras from the Microsoft
Kinect.

B. Implementation Details

In computing PSFs, we set the object distance from 1 m to 10
m with a 1-m interval and consider depthd �10 m as infinity. For
the triplet optical lens, we compute 21 PSFs with wavelengths
varying from 400 nm to 700 nm with a 15-nm interval. PSFs are
reunited by the wave response functions of the sensor. We use
PyTorch to implement the proposed restoration algorithm and
carry model training on an NVIDIA TITAN RTX GPU for 100
epochs with the end-to-end learning strategy. The parameters
in the proposed network are optimized with the ADAM [55]
optimizer using an initial learning rate of 0.0001. We adopt the
training and validation dataset of the NYUv2 dataset [52] for
model training and testing. In addition, we use the aberrated
images and depth maps of aberration-free images in the training
dataset for the depth estimation branch training.
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Fig. 8. Reconstruction results on the real-world images captured by the Nikon D7100 camera. We compare the proposed method against DeblurGANv2 [6],
MPRNet [7], IFAN [8], DFUNet [3], and Restormer [9]. Our method generates more clear textures and performs favorably against state-of-the-art reconstruction
methods.

C. Empirical Results of Image Restoration

1) Synthetic Images: We evaluate the proposed method
against schemes for optical aberration: DFUNet [3], deblurring:
DeblurGANv2 [6] and IFAN [8], image restoration: MPR-
Net [7] and Restormer [9], and joint depth estimation and
image restoration: DFDNet [35] and DDDNet [51]. All the
learning-based methods are fine-tuned on the training dataset
of NYUv2 [52]. Sample restoration results of these algorithms
are shown in Fig. 7. The restoration results by DeblurGANv2 [6],
DDDNet [51], and DFUNet [3] contain blurry regions (Fig. 7(b),
(f), and (g)). The results generated by IFAN [8] also have

blurry residuals (Fig. 7(d)). DFDNet [35], MPRNet [7], and
Restormer [9] realize image deblurring to a certain extent.
However, The results by DFDNet [35] contain some unpleasing
colors (Fig. 7(e)). The deblurred results by MPRNet [7] contain
some unpleasing artifacts (Fig. 7(c)), while Restormer [9] cannot
yield clear edges in some regions (Fig. 7(h)). In contrast, our
method produces perceptually pleasing images without artifacts,
and the results are closer to the ground truths.

Quantitative evaluation results based on Structure Similarity
(SSIM) and Peak Signal to Noise Ratio (PSNR) are presented in
Table I. The unpleasing artifacts and colors result in lower scores
of IFAN [8] and DFDNet [35]. MPRNet [7], DDDNet [51], and
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TABLE I
AVERAGE SSIM/PSNR OF THE STATE-OF-THE-ART METHODS: DEBLURGANV2 [6], MPRNET [7], IFAN [8], DFDNET [35], DDDNET [51], DFUNET [3],

RESTORMER [9], AND OUR ALGORITHM ON THE TEST DATA OF THE NYUV2 DATASET [52]

TABLE II
AVERAGE SSEQ/BIQI OF THE STATE-OF-THE-ART METHODS: DEBLURGANV2 [6], MPRNET [7], IFAN [8], DFUNET [3], RESTORMER [9], AND OUR ALGORITHM

ON THE TEST DATA OF THE NYUV2 DATASET [52]

Fig. 9. Simulation results of NNO [34], DFDNet [35], DFUNet [3], and our
method with different scene depths (object depth d � [1, 5], step size = 1 m. The
depth at d � 10 m is considered as infinity). Note that the camera lens (focal
length = 25 mm, F-number = 4, field of view = 11 mm in diagonal image
height) is focused at infinity in this demonstration.

Restormer [9] also obtain lower scores since they are ineffective
in some regions of blurry images. Some blurry residuals in the
correction results by DeblurGANv2 [6] and DFUNet [3] lead to
lower PSNR and SSIM values. Our method performs favorably
against the other approaches in terms of these metrics.

We also evaluate these methods using two blind image
assessment metrics: blind image quality indices (BIQI) [56]

Fig. 10. Optical aberration correction results of the proposed network through
3D-PSF or 4D-PSF guidance information on the test data of the NYUv2
dataset [52]. The images in (b) are the correction results with 3D-PSF guid-
ance information, while the samples in (c) are those with 4D-PSF guidance
information.

and image quality assessment based on spatial and spectral
entropies (SSEQ) [57]. BIQI is computed by using distorted
image statistics of natural scenes. SSEQ utilizes local spatial
and spectral entropy features on distorted images, which can
assess the quality of a distorted image across multiple distortion
categories. Smaller values of BIQI and SSEQ indicate images
with better quality and less distortion. Table II shows that our
method outperforms the other schemes in terms of BIQI and
SSEQ. Sample restoration results by the evaluated methods are
shown in Fig. 7.

2) Real Images: To validate the generalization capacity on
different camera lenses, we use the model trained on the NYUv2
dataset [52] to perform optical aberration correction on the real-
world degraded images captured by the Nikon D7100 camera.
We evaluate the proposed method against DeblurGANv2 [6],
MPRNet [7], IFAN [8], DFUNet [3], and Restormer [9]. Vi-
sual comparisons of these methods are presented in Fig. 8.

Authorized licensed use limited to: Univ of Calif Merced. Downloaded on February 01,2025 at 01:02:37 UTC from IEEE Xplore.  Restrictions apply. 












