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Abstract

Image deblurring is a long-standing low-level computer vision problem, aiming to recover a
sharp image from a blurred observation. With the widespread availability of imaging devices,
captured images are often affected by various sources of blur, such as camera shake, object
motion, and limited depth of field. To address this, a significant amount of research has
focused on post-processing techniques to restore high-quality, sharp images. While traditional
model-based approaches have achieved promising results, they often struggle to generalize to
complex real-world scenarios.

In recent years, the rapid development of deep learning has brought substantial advance-
ments to image deblurring. This tutorial provides an overview of recent deep learning-based
methods for image deblurring, including representative papers, benchmark datasets, and per-
formance metrics. We aim to offer a systematic summary to facilitate a better understanding
of current progress in the field.
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1 Introduction [21]

Image deblurring is a classical low-level computer vision task that aims to recover a sharp image
from a blurry one, thereby enhancing the visual quality of the image. Deblurring also plays an
essential role in various high-level vision applications such as object detection, autonomous driving,
and biomedical image analysis. To study this problem, it is necessary to formulate a model that
describes how a blurry image is generated.

1.1 Blur model

The degradation process of a blurry image is commonly modeled as (eq.1):

B = Φ(K; I) +N; (1)

where Φ(:) is the blur function (convolution is always used), B is blurry image, K is blur kernel
(Point Spread Function), I is sharp image, and N is noise (Additive White Gaussian Noise).

The blur kernel K can be either space-invariant or space-variant. If K is known, the task is
referred to as non-blind deblurring; otherwise, it is known as blind deblurring.

1.2 Blur categories

Blurring can arise from various physical and optical causes. It is typically categorized into four
major types (Motion blur, Out-of-Focus blur, Gaussian blur and Mixed blur).

1.2.1 Motion blur

During image acquisition, photons are integrated over a finite exposure time. When the expo-
sure time is long relative to object or camera motion, motion blur occurs.

• Space-invariant motion blur: Typically caused by uniform camera shake.

• Space-variant motion blur: Results from non-uniform motion, such as depth-dependent ob-
ject movement or rotational motion with varying speed.

1.2.2 Out-of-Focus Blur

Caused by the distance between the object or scene and the camera’s focal plane. The amount
of blur depends on whether the object is at the true focus or within the depth of field. This type
of blur is generally space-variant, as the PSF K(x; y) varies across spatial locations.

1.2.3 Gaussian Blur

This type of blur results from the convolution of the image with a Gaussian Kernel (eq.2):

G(x; y) =
1

2��2
e�

x2+y2

2�2 ; (2)

where x and y are the distance from the originin the horizontal and vertical axis, respectively, � is
the standard deviation.

1.2.4 Mixed Blur

A combination of the above types of blur. In real-world scenarios, blur is often caused by
a mixture of multiple factors such as camera shake, object motion, and defocus, making the
deblurring task highly challenging.
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1.3 Traditional Approaches

Image deblurring is inherently an ill-posed inverse problem. Multiple plausible sharp images
can produce the same blurry observation, increasing the difficulty of recovering the true solu-
tion. Conventional (non-deep learning) methods often adopt filter-based frameworks combined
with Maximum a Posteriori (MAP) estimation, where carefully designed priors are introduced to
regularize the solution space.

Although traditional approaches can perform well in some cases, they tend to fail under severe or
complex real-world blur conditions. One key limitation is the reliance on handcrafted priors, which
are often difficult to formulate accurately and may lack generalizability across diverse scenarios.

1.4 Deep Learning-Based Approaches

Due to the limitations of traditional methods and the rapid progress of deep learning, learning-
based techniques have become dominant in recent years. Deep models excel at feature learning
and nonlinear mapping, allowing them to capture complex blur patterns and representations from
data. These data-driven approaches have demonstrated superior performance and robustness in
challenging deblurring tasks.

Early deep learning methods often relied on kernel-based frameworks, where networks were
trained to approximate deconvolution or estimate blur kernels in a multi-stage pipeline. However,
later studies argued that explicitly estimating the blur kernel may not generalize well to real-world
conditions due to kernel estimation inaccuracies, complex or spatially varying blur patterns.

This motivated a shift toward end-to-end learning, where the network directly maps blurry
images to their sharp images, bypassing the need for explicit kernel estimation. Among these, the
U-Net architecture has emerged as the most widely adopted backbone, and many recent works
have enhanced it with components such as CNNs, self-attention, MLPs, and state space models
(SSMs). Some works further incorporate degradation representation priors, allowing the model to
exploit blur characteristics for more effective restoration.

In the following sections, we provide a comprehensive overview of learning-based image deblur-
ring methods, including early kernel-based and end-to-end architectures, U-Net-based end-to-end
designs, and those enhanced with degradation priors. We also summarize commonly used bench-
mark datasets and evaluation metrics in the image deblurring literature.
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2 Early Deep Learning-based Methods

Early deep learning-based approaches for image deblurring can be broadly categorized into
kernel-based and end-to-end methods. Kernel-based methods typically decompose the problem
into two stages: first estimating the blur kernel, and then performing non-blind deconvolution to
recover the sharp image. In contrast, end-to-end methods argue that inaccurate kernel estimation
can significantly degrade the restoration performance. Therefore, these approaches bypass kernel
estimation entirely and instead train deep models to directly learn a mapping from the blurry
image to the sharp image in an end-to-end manner.

2.1 Kernel-based

2.1.1 Deep Convolutional Neural Network for Image Deconvolution [18]

This paper primarily addresses the non-blind deblurring setting, where the blur kernel is as-
sumed to be known. The main idea is to incorporate deep learning techniques into the traditional
deconvolution process, leveraging neural networks to mitigate the artifacts that often arise from
conventional filtering-based methods.

There are two main contributions of this work:

• The authors propose replacing the traditional deconvolution pipeline with a convolutional
neural network, which is decomposed into two sub-networks: a Deconvolution Sub-Network
(DCNN) and an Outlier Rejection Sub-Network (ODCNN).

• The study investigates the impact of different parameter initialization strategies within the
network. Specifically, it shows that random initialization and initialization based on separable
kernel inversion can lead to differences in performance.

The overall network is shown in below (fig.1).

Figure 1: Network architecture for deep deconvolution.

The Deconvolution Sub-Network (DCNN) is primarily motivated by the inverse filter component
of the Wiener filter. To begin with, the image formation process under a simple linear blur model
can be described as (eq.3):

y = x � k; (3)

where x is sharp image, k is blur kernel, and y is blurry image. In the frequency domain, this
becomes (eq.4):

F(y) = F(x) � F(k); (4)
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where F(:) is FFT, and � is the element-wise product. The Wiener deconvolution solution can be
expressed as (eq.5):

x = F�1(
1

F(k)
f jF(k)j2

F(k)2 + 1
SNR

g) � y = ky � y; (5)

where F�1(:) is inverse FFT, SNR is the signal-to-noise ratio, ky denotes the pseudo-inverse ker-
nel. The authors observe that the pseudo-inverse kernel can be decomposed using Singular Value
Decomposition (SVD) as ky = USV T , where U and V are orthogonal matrices and S is a diago-
nal matrix containing the singular values sj . Let uj and vj denote the jth columns of U and V ,
respectively. The pseudo deconvolution can then be expressed as (eq.6):

ky � y =
X
j

sj � uj � (vTj � y); (6)

This interpretation reveals that 2D convolution can be approximated as a weighted sum of separable
1D filters. Based on this insight, the deconvolution operation can be learned using a CNN that
simulates these filtering operations. The structure of the DCNN is defined as (eq.7):

h3 =W3 � h2; hl = �(Wl � hl�1 + bl�1); l 2 f1; 2g; h0 = ŷ; (7)

where Wl is the weight mapping the (l� 1)th layer to the lth one and bl�1 is the vector value bias.
�(:) is the nonlinear function, which can be sigmoid or hyperbolic tangent. This design corresponds
to the Deconvolution Sub-Network shown in (fig.1).

The Outlier Rejection Sub-Network (ODCNN) is inspired by CNN-based denoising architec-
tures. It is specifically designed to suppress undesirable artifacts such as color saturation, noise
amplification, and ringing effects—that often emerge after deconvolution.

The overall loss function used to train the network is defined as:

1

2jN j
X
i2N
kf(ŷi)� x̂ik; (8)

where f(:) is the network, jN j is the number of image pairs in the sample set, ŷi is the input blurry
image, and x̂i is the corresponding ground-truth sharp image.

The training process is conducted in a two-stage manner: the DCNN and ODCNN are trained
independently, and then their outputs are combined and jointly fine-tuned in a unified pipeline.
Notably, the authors find that the initialization strategy of the DCNN has a significant impact on
performance—random initialization versus initialization from the separable kernel inversion leads
to noticeable differences in training convergence and final restoration quality as shown in the (fig.2).

Figure 2: PSNRs produced in different stages of our convolutional neural network architecture.
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Quantitative results

Figure 3: Quantitative results.

Qualitative results

Figure 4: Qualitative results.

2.1.2 Learning to Deblur [13]

This paper adopts a multi-stage architecture for image deblurring, where each stage consists of
three key components: (1) A feature extraction module, (2) A kernel estimation module, and (3)
An image estimation module. The overall network is shown in (fig.5)

Among these, the feature extraction module integrates convolutional neural networks (CNNs)
to learn informative features from the input image, while the kernel and image estimation modules
are formulated using traditional optimization-based techniques.

The main contributions of this paper can be summarized as follows:

• The integration of CNN-based feature extraction into a traditional multi-stage deblurring
framework, enabling more expressive representations to guide subsequent kernel and image
estimation steps.
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Figure 5: Architecture of proposed blind deblurring network. First the feature extraction module
transforms the image to a learned gradient-like representation suitable for kernel estimation. Next,
the kernel is estimated by division in Fourier space, then similarly the latent image. The next
stages, each consisting of these three operations, operate on both the blurry image and the latent
image.

In the feature extraction module, CNNs are employed to extract informative features from the
input blurry image. The structure is designed to generate feature maps that resemble gradient-like
representations, denoted as ( exi; eyi) and the module shown in (fig.6). These features are computed as
(eq.9). This formulation allows the network to capture edge- or gradient-like features in multiple
orientations and scales, which are later utilized by the kernel and image estimation modules in
subsequent stages. eyi = X

j

�ij tanh(fj � y);

exi = X
j

�ij tanh(fj � y);
(9)

where � denotes convolution, tanh(.) is hyperbolic tangent activation function, fj is filters of
convolution layer, y is blurry image, �i;j and �i;j are hidden layers parameters.

10



Figure 6: Intermediary outputs of the first stage (see fig.5) of a single-stage NN with the following
architecture: eight convolution filters; tanh nonlinearity; linear recombination to eight images; tanh
nonlinearity; linear recombination to two sharp and two blurry feature images; kernel estimation.

The kernel estimation module leverages the extracted features (ex; ey) obtained from the feature
extraction module to estimate the blur kernel. Specifically, the kernel k is computed by minimizing
the following objective function (eq.10):X

i

kek � exi � eyik2 + �kkekk2; (10)

This formulation is to find the optimal kernel ek that best explains the relationship between the
feature pairs (ex; ey), where �k serves as a regularization term that is learned during training.
Assuming noise-free observations and that the kernel has no zeros in its power spectrum, the true
sharp image gradients and their blurred counterparts would recover the true kernel when �k = 0.
The closed-form solution to this minimization is given by (eq.11):

ek = FH
P
i

¯F exi � F eyiP
i jF exij2 + �k

; (11)

where F (:) is the discrete Fourier transform matrix, � is the Hadamard production, and v̄ is the
complex conjugate of a vector v.

Image Estimation Module is Given the estimated kernel ek and the corresponding features,
the image estimation module reconstructs the sharp image by solving the following optimization
problem:

kek � ex� yk2 + �xkexk2; (12)

where �x is a trainable regularization parameter. This module ensures that the recovered image
is consistent with both the observed blurry image and the estimated blur kernel.

Training strategy that the model is trained in a stage-wise fashion, where each stage is trained
sequentially. Specifically, one stage is trained until convergence; then its parameters are frozen
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before training the subsequent stage. This progressive training scheme stabilizes optimization and
prevents error accumulation across stages. During training, the loss function is defined as the L2

loss between the estimated kernel and the corresponding ground truth kernel.

Quantitative results

Figure 7: Quantitative results.

Qualitative results

Figure 8: Qualitative results.
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2.2 End-to-End Architectures

2.2.1 Deep multi-scale convolutional neural network for dynamic scene deblurring
[12]

This paper proposes a coarse-to-fine end-to-end convolutional neural network (CNN) for image
deblurring, eliminating the need for stage-wise optimization as adopted in earlier deep learning-
based approaches. Instead, the model directly learns to map a blurry image to its corresponding
sharp version using ground truth supervision in a fully end-to-end manner.

In addition to the network design, the authors introduce a method for synthesizing realistic
motion blur by averaging multiple sharp frames. This technique allows the construction of a more
realistic and diverse motion-blurred dataset, which is crucial for supervised training.

The main contributions of this paper are as follow:

• The design of a coarse-to-fine end-to-end CNN architecture that progressively restores image
details from low to high resolution.

• The introduction of the GoPro dataset, which provides paired sharp and realistic motion-
blurred images for training and evaluation.

The motivation behind adopting a coarse-to-fine architecture is to leverage multi-scale repre-
sentations of the input image to facilitate more effective deblurring. Specifically, the coarse-scale
input having lower resolution and smoother structure is less sensitive to high-frequency noise and
artifacts, making it well-suited for providing a stable initial estimate of the sharp image. Once
this initial estimate is obtained at the coarse level, the network progressively refines the result
at finer scales, where higher-frequency details are incorporated and corrected. This hierarchical
refinement enables the network to gradually reconstruct a high-quality sharp image by combining
global structure from coarse levels with fine details from higher resolutions.

The overall architecture is illustrated in the following (fig.9):

Figure 9: Multi-scale network architecture. Bk, Lk, Sk denote blurry and latent, and ground truth
sharp images, respectively. Subscript k denotes k-th scale level in the Gaussian pyramid, which is
downsampled to 1=2k scale. Our model takes a blurry image pyramid as the input and outputs an
estimated latent image pyramid. Every intermediate scale output is trained to be sharp. At test
time, original scale image is chosen as the final result.
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The architecture employs a modified version of the residual block (ResBlock) to enhance feature
representation during training as shown in (fig.10). Specifically, the authors introduce several
adjustments to the standard residual network building block based on empirical observations. Since
the model is trained with a mini-batch size of 2, they remove the batch normalization layers, as
such small batch sizes may lead to unstable statistics and degrade performance. Additionally, the
ReLU activation function is removed from the residual block, as the authors found that omitting
it leads to better deblurring results in practice. This simplified yet effective design improves the
model’s ability to preserve image structures while reducing undesired artifacts during training and
inference.

Figure 10: (a) Original residual network building block. (b) Modified building block of our network.
We did not use batch normalization layers since we trained model with mini-batch of size 2, which
is smaller than usual for batch normalization. We found removing rectified linear unit just before
the block output is beneficial in terms of performance empirically.

To enhance the realism of the restored sharp images, the authors incorporate an adversarial
network (fig.11) into the training framework. This additional component encourages the deblurring
network to produce outputs that are perceptually closer to real sharp images. A discriminator
network is introduced to distinguish between the restored image and the corresponding ground
truth. Specifically, the discriminator operates on the output from the finest scale of the deblurring
network, comparing it against the ground truth sharp image to compute the adversarial loss Ladv.
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Figure 11: Model parameters of the discriminator. Every convolution layers are activated with
Leaky ReLU layer.

The loss function is composed of two terms: a content loss Lcont and an adversarial loss Ladv,
which together guide the network to generate both pixel-wise accurate and perceptually realistic
sharp images.

Content Loss is given the coarse-to-fine architecture, the content loss is defined as the mean
squared error (MSE) between the intermediate outputs of the network at each scale and their
corresponding ground truth images. This multi-scale supervision allows the model to learn a
coarse-to-fine reconstruction progressively. The content loss is defined as (eq.13):

Lcont =
1

2K

KX
k=1

1

ckwkhk
kLk � Skk2; (13)

where Lk, Sk denote the model output and ground truth image at scale level k, respectively. The
loss at each scale is normalized by the number of channels ck, width wk, and the height hk (i.e.
the total number of elements).

Adversarial loss is discriminator taking the output of the finest scale or the ground truth sharp
image as input and classifies if it is deblurred image or sharp image, which is defined as (eq.14):

Ladv = ES�psharp(S)[logD(S)] + EB�pblurry(B)[log(1�D(G(B)))]; (14)

where G and D denote the generator, that is our multi-scale deblurring network in (fig.9) and
the discriminator (classifier), respectively. When training, G tries to minimize the adversarial loss
while D tries to maximize it.

The overall loss combines both content loss and adversarial loss (eq.15):

Ltotal = Lcont + �� Ladv; (15)

where � = 1� 10�4 is a weighting factor that balances the contribution of adversarial learning.

Another major contribution of this paper is the introduction of a realistic motion blur synthesis
method for generating paired training data. The motivation stems from the nature of motion blur
in real-world scenarios. It may be caused either by camera shake or object motion. In the latter
case, traditional blur models that rely on spatially-invariant convolution with a single blur kernel
are often insufficient. For instance, when only the object is moving while the background remains
static, convolution-based blurring would incorrectly blur both foreground and background regions
as illustrated in the (fig.12), which does not reflect real-world motion characteristics.
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To better approximate the actual image formation process, the authors propose a physically
motivated formulation. A blurry image is generated when the camera sensor integrates incoming
light over a finite exposure time. This process can be approximated by averaging a sequence of
sharp frames captured at a high frame rate during that exposure period. Formally, the blurred
image B is modeled as (eq.16):

B = g(
1

T

Z T

t=0

S(t)dt) ’ g( 1

M

M�1X
i=0

S[i]); for g(x) = x1=
 ; (16)

where T and S(t) denote the exposure time and the sensor signal of a sharp image at time t,
respectively. Similarly, M , S[i] are the number of sampled frames and the ith sharp frame signal
captured during the exposure time, respectively. g is the CRF that maps a sharp latent signal S(t)

into an observed image Ŝ(t) such that ˆS(t) = g(S(t)), or ˆS[i] = g(S[i]). In practice, we only have
observed video frames while the original signal and the CRF is unknown. In common practical
method is to approximate CRF as a gamma curve with 
 = 2:2

Figure 12: (a) Ground truth sharp image. (b) Blurry image generated by convolving a uniform blur
kernel. (c) Blurry image by averaging sharp frames. In this case, blur is mostly caused by person
motion, leaving the background as it is. The blur kernel is non-uniform, complex shaped. However,
when the blurry image is synthesized by convolution with a uniform kernel, the background also
gets blurred as if blur was caused by camera shake. To model dynamic scene blur, our kernel-free
method is required.

Quantitative results

Figure 13: Quantitative deblurring performance comparison on the GOPRO dataset. K denotes
the scale level.

Figure 14: Quantitative comparison on the Kohler dataset.
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