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Abstract: Motion blur is an inevitable tradeoff between the amount of blur and the amount of
noise in the acquired images. The effectiveness of any restoration algorithm typically depends
on these amounts, and it is difficult to find their best balance in order to ease the restoration
task. The Point-Spread-Function (PSF) trajectories, treated as random processes, express the
restoration performance. The expectation of the restoration error is conditioned on various
motion-randomness descriptors and exposure time. Blind deconvolution algorithms utilize the
estimated PSF from a single-image where the blur kernel is directly inferred from the light
streaks in the blurred image. By incorporating a sparsity constraint alongside blind
deconvolution algorithms and a maximum likelihood estimation approach, the problem can be
solved quickly and accurately with user input images. This estimated blur kernel (PSF) can
then be applied to the original image to restore the sharp image. This paper explores the concept
of image restoration and evaluates the effectiveness of various blind deconvolution algorithms
on different types of images. The results demonstrate significant improvements in image
quality, providing valuable insights for practical applications.
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1. Introduction

Image restoration is a critical area in digital image processing that aims to recover high-quality
images from degraded or distorted ones. One common degradation phenomenon is motion blur,
which occurs when there is relative movement between the camera and the object during
exposure. This blur results in a loss of fine details and an overall reduction in image sharpness.
The challenge in motion blur restoration lies in balancing the tradeoff between the extent of
blur and the noise introduced during the acquisition process.

Traditional image restoration techniques often require knowledge of the degradation process,
particularly the Point-Spread-Function (PSF), which describes how each point in the scene
contributes to the observed image. However, in real-world scenarios, the exact PSF is often
unknown, especially in cases of motion blur where the camera’s movement is unpredictable.
Blind deconvolution, a technique where the PSF is estimated directly from the degraded image,
has emerged as an effective solution to this problem.

In blind deconvolution, the goal is to recover both the original sharp image and the blur kernel
(PSF) from a single, blurred observation. This task is challenging because the blur kernel itself
is unknown, and it requires solving for both the image and the kernel simultaneously. Advanced
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algorithms leverage optimization techniques, such as maximum likelihood estimation (MLE),
and regularization methods like sparsity constraints to improve the accuracy and speed of
recovery.

Over the years, several blind deconvolution algorithms have been developed, each with varying
degrees of success depending on the type of blur and noise present in the image. These
algorithms aim to estimate the PSF, reduce noise, and restore the sharpness of the image in an
efficient manner. Some of the most popular methods include gradient-based algorithms,
variational methods, and Bayesian approaches.

Significance of the Work:

The significance of this work lies in its exploration and evaluation of blind image
deconvolution algorithms for motion blur restoration, which remains a challenging task in
image processing. By focusing on the effective estimation of the Point-Spread-Function (PSF)
from a single, degraded image, this study provides valuable insights into the strengths and
limitations of different algorithms under varying conditions of blur and noise. The findings of
this work have practical implications for a wide range of fields, including digital photography,
surveillance, medical imaging, and remote sensing, where motion blur is a common issue. The
ability to restore sharp images from blurred ones can greatly enhance image quality, enabling
better decision-making and analysis across various applications.

2. Literature Review

Numerous studies have explored blind image deconvolution as a solution to motion blur
restoration. Early approaches, such as those by Ferreira and Motta (2000), utilized
regularization techniques to estimate both the original image and the blur kernel
simultaneously. These methods often faced challenges in handling high levels of noise and
complex blur patterns. Later, Levin et al. (2009) introduced a probabilistic framework that
incorporated priors on both the image and blur kernel, significantly improving the restoration
quality. Krishnan and Fergus (2009) proposed a method using sparse priors to handle complex
blur, achieving better results by focusing on the sparsity of image gradients. More recently,
Zhang et al. (2017) applied deep learning techniques for blind deconvolution, showing
promising results in both accuracy and speed. Despite these advancements, challenges remain
in balancing the tradeoff between blur, noise, and computational efficiency, with each method
having specific strengths depending on the type of image degradation. Further developments
in blind image deconvolution have focused on improving the accuracy and speed of blur kernel
estimation. Whyte et al. (2010) introduced a dual-optimization framework that simultaneously
estimates the sharp image and the blur kernel by using both image and blur priors. Their method
significantly improved restoration in the presence of complex motion blur patterns.
Additionally, Xu and Jia (2010) proposed an alternating minimization approach that iteratively
refines the estimates of both the image and the kernel. This method was highly effective in
restoring images with motion blur, but it was computationally expensive for large images.

In more recent years, Dong et al. (2015) explored the use of variational models combined with
sparsity constraints for blind deconvolution, allowing the restoration of images with minimal
noise interference. Their approach demonstrated a significant reduction in computational cost
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while maintaining high-quality results. Cho et al. (2011) also contributed to the field by
developing a method based on blind deconvolution with a statistical model for noise estimation,
which helped in better distinguishing between noise and blur.

The application of machine learning and deep learning techniques in image restoration has
opened up new avenues for blind deconvolution. Sun et al. (2015) introduced a deep
convolutional neural network (CNN)-based model for blur kernel estimation, achieving
impressive results in both accuracy and speed. Their work demonstrated the potential of using
learned features from large datasets to predict the blur kernel and restore images effectively.

Despite these advancements, the challenge of designing universally effective blind
deconvolution algorithms remains. Many existing methods are tailored to specific types of
motion blur or noise characteristics, which can limit their general applicability. Liu et al. (2018)
pointed out the importance of adaptive algorithms that can handle a variety of blur types and
noise levels, providing a more versatile solution to image restoration tasks. Therefore, while
significant progress has been made, there is still a need for algorithms that balance speed,
accuracy, and robustness across a wide range of practical scenarios

3.Methodology

The methodology for this study focuses on the implementation and comparison of various blind
image deconvolution algorithms for motion blur restoration. The process involves several key
steps: image acquisition, blur kernel estimation, image restoration, and performance
evaluation. Below is a detailed breakdown of the methodology used in this research Digital
image processing is the use of computer algorithm to perform image processing on digital
image. In inverse fields from planetary science to molecular spectroscopy and medical imaging
to satellite imaging, the problem of recovering original images from blurred and noisy images
is challenging All natural images when displayed have gone through some sort of degradation
during display mode, acquisition mode, or processing mode. The degradations may be due to
sensor noise, blur due to camera misfocus, relative object camera motion, random atmospheric
turbulence, Others. In most of the existing image restoration methods, the degradation process
can be described using a mathematical model.

3.1 Image Acquisition and Preprocessing

A set of images with varying types and levels of motion blur are selected for testing the
deconvolution algorithms. These images are chosen to represent different real-world scenarios,
including those with varying amounts of noise and blur. The images are preprocessed to ensure
they are in a consistent format for processing. Preprocessing steps include:

o Resizing: All images are resized to a standard resolution to ensure consistency during
comparison.

o Normalization: Intensity values of the images are normalized to the range [0, 1] to avoid
any bias due to varying lighting conditions.

o Noise Addition: Gaussian noise of different variance levels is added to simulate realistic
noisy conditions.
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3.2 Blur Kernel Estimation (PSF)

Blind image deconvolution requires the estimation of the Point-Spread Function (PSF) that
describes the motion blur. Since the PSF is unknown, it must be inferred from the blurred image
itself. The following steps are used to estimate the PSF:

Initial Estimation: The PSF is estimated using a fast Fourier transform (FFT)-based
approach, which estimates the blur kernel from the frequency domain.

Sparsity Constraint: A sparsity constraint is applied to the estimated PSF to encourage
sparsely distributed blurring patterns, based on the assumption that most real-world
motion blurs are localized.

Optimization: A maximum likelihood estimation (MLE) framework is used to refine
the PSF. The algorithm iteratively adjusts the estimated kernel to minimize the
restoration error.

3.3 Blind Deconvolution Algorithms

The following blind deconvolution algorithms are implemented and tested for motion blur
restoration:

Gradient-Based Methods: These methods use image gradients to iteratively refine the
PSF and the original image. The image gradient regularization is used to impose
smoothness and prevent excessive noise amplification.

Variational Methods: These methods use variational formulations to incorporate both
image priors and regularization terms. The goal is to minimize a cost function that
balances data fidelity and smoothness constraints.

Bayesian Methods: These methods apply Bayesian inference to estimate the posterior
distribution of the image and blur kernel. Priors for the image and kernel are
incorporated, and MCMC (Markov Chain Monte Carlo) or variational inference is used
for optimization.

Deep Learning Approaches: A deep convolutional neural network (CNN) is trained to
predict the blur kernel directly from the image. The network is trained on a dataset of
synthetic blurred images and their corresponding sharp images. Transfer learning
techniques are used to fine-tune the model on real-world data.

3.4 Image Restoration

The purpose of image restoration is to compensate defects which help to degrade an image. In
cases like motion blur, it is possible to come up with a very good estimate of the actual blurring
function and remove the blur to restore the original image. In cases when the image is corrupted
by noise, the best is to compensate for the degradation it caused.
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Fig 2 After Restoration

The field of image restoration (sometimes referred to as image de-blurring or image
deconvolution) is concerned with the reconstruction or estimation of the uncorrupted image
from a blurred and noisy one. Essentially, it tries to perform an operation on the image that is
the inverse of the imperfections in the image formation system. In the use of image restoration
methods, the characteristics of the degrading system and the noise are assumed to be known a
priori. In practical situations, however, one may not be able to obtain this information directly
from the image formation process. The goal of blur identification is to estimate the attributes
of the imperfect imaging system from the observed degraded image itself prior to the
restoration process. The combination of image restoration and blur identification is often
referred to as blind image deconvolution.

4. Analysis On Blind Image Deconvolution

Blind deconvolution is the problem of recovering a sharp version of an input blurry image
when the blur kernel is unknown [2]. By decomposing a blurred image y it can be represented
as

y=k!x
where
x is a visually plausible sharp image, and
k is a nonnegative blur kernel.

Deconvolution is a longstanding problem in many areas of signal and image processing (e.g.,
biomedical imaging astronomy, and remote-sensing, to quote a few). For example, research in
astronomical image deconvolution has recently seen considerable work, partly triggered by the
Hubble space telescope (HST) optical aberration problem at the beginning of its mission. In
biomedical imaging, researchers are also increasingly relying on deconvolution to improve the
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Quality of images acquired by confocal microscopes Deconvolution may then prove crucial for
exploiting images and extracting scientific content.

4.1 POINT SPREAD FUNCTION (PSF)

Most blurring processes can be approximated by convolution integrals, also known as
Fredholm integral equations. The blurring is characterized by a Point-Spread Function (PSF)
or impulse response. The PSF is the output of the imaging system for an input point source. All
the blurring processes considered in this paper are linear and have a spatially invariant PSF
[10].

For discrete image processing, the convolution integral is replaced by a sum. The blurry image
x(n, m) is obtained from the original image s(n, m) by this convolution:

x (nm)=Y¢e_ > s(n+a,m+ b)h(—a,—b) (1)
The function h(n, m) is the discrete Point Spread Function for the imaging system. Also of
interest is the Discrete Fourier Transform (DFT) representation of the point-spread function,
given by:

H (u,v) =26 THs h(nm)e W 24+ =2 (2)

H(u, v) gives a set of coefficients for plane waves of various frequencies and orientations.
These plane waves, called spatial frequency components, reconstruct the PSF exactly when
multiplied by the coefficients H(u, v) and summed. The function H(u, v) is referred to as the
transfer function, or system frequency response. By examining |[H(u, v)|, one can quickly
determine which spatial frequency components are passed or attenuated by the imaging system.

Fig 3. The top row contains the estimated PSFs: the blur develops along trajectory
4.2 PSF GENERATION

The PSFs constituting the collections H7, which are used to compute the restoration-error
models, are obtained by sampling continuous trajectories on a (regular) pixel grid. Each
trajectory consists of the positions of a particle following a 2-D random motion in continuous
domain. The particle has an initial velocity vector with each iteration is affected by a Gaussian
perturbation and by a deterministic inertial component, directed toward the current particle
position. In addition, with a small probability, an impulsive perturbation aiming at inverting
the particle velocity arises, mimicking a sudden movement that occurs when the user presses
the camera button or tries to compensate the camera shakes.
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At each step, the velocity is normalized to guarantee that trajectories corresponding to equal
exposures have the same length. Each perturbation (Gaussian, inertial, and impulsive) is ruled
by its own parameter, and each set HT contains PSFs sampled from trajectories generated by
parameters spanning a meaningful range of values. Rectilinear trajectories are generated when
all the perturbation parameters are zero.

Each PSF hT € HT consists in discrete values that are computed by sampling a trajectory on a
regular pixel grid, using sub-pixel linear interpolation. Collections corresponding to different
exposure times are obtained by scaling the values of each PSF by a constant factor.

Recollect that Image restoration refers to the removal or minimization of known degradations
in an image. This includes de-blurring of images degraded by the limitations of the sensor or
its environment, noise filtering, and correction of geometric distortions or non-linearities due
to sensors. It describes the imaging system response to a point input, and is analogous to the
impulse response. A point input, represented as a single pixel in the “ideal” image, will be
reproduced as something other than a single pixel in the “real” image.

“Point Spread Functions” describe the two-dimensional distribution of light in the telescope
focal plane for astronomical point sources. Modern optical designers put a great deal of effort
into reducing the size of the PSF for large telescopes.

Good PSF evaluation is especially critical for telescopes which are intended to have near-
diffraction limited performance. That obviously includes space telescopes. But it also includes
large ground-based telescopes which are equipped with “active” or “adaptive” optics systems,
which can greatly reduce the effects s of atmospheric seeing on the PSF.

5. Conclusions

Restoration technology of image is one of the important technical areas in image processing.
In this paper various blind image restoration techniques have been discussed. Methods are
based on blind deconvolution approach with partial information available about true image.
Advantage of using blind deconvolution algorithm based on Richardson—Lucy deconvolution
algorithm is to de-blur the degraded image with prior knowledge of PSF and Poisson noise
whereas other algorithms concentrate on the Gaussian noise. Better restoration can be achieved
by estimating the PSF, as this approach does not require verification of the blur kernel against
the blurred image, the de-blurring can be performed quickly enough for interactive use.
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