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Abstract

An image that has been subject to the out-of-focus phenomenon has reduced
sharpness, contrast and level of detail depending on the amount of defocus. To
restore out-of-focused images is a complex task due to the information loss that
occurs. However there exist many restoration algorithms that attempt to revert
this defocus by estimating a noise model and utilizing the point spread function.

The purpose of this thesis, proposed by FLIR Systems, was to find a robust
algorithm that can restore focus and from the customer’s perspective be user
friendly. The thesis includes three implemented algorithms that have been com-
pared to MATLABs built-in. Three image series were used to evaluate the limits
and performance of each algorithm, based on deblurring quality, implementation
complexity, computation time and usability.

Results show that the Alternating Direction Method for total variation de-
convolution proposed by Tao et al. [29] together with its the modified discrete
cosines transform version restores the defocused images with the highest qual-
ity. These two algorithms include features such as, fast computational time, few
parameters to tune and a powerful noise reduction.
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for his support and comments. My last thanks go to the employees at FLIR
who made my stay and work enjoyable.



Abbreviations

This thesis includes a number of abbreviations which can be confusing at times.
The table below lists the most frequently mentioned.

Abbrev Meaning Comment

PSF Point Spread Function Describes how light is spread
when passing through the lens.
Is the cause of out-of-focus blur.

OTF Optical Transfer Function Fourier transform of the PSF
MTF Modulation Transfer Function Absolute value of the OTF, de-

scribes the contrast reproducibil-
ity of a camera system.

ADM Alternating Direction Method A deblurring algorithm imple-
mented in this thesis.

DCT Discrete Cosinus Transform An alternative to Fourier trans-
form that utilizes cosines waves
instead of sines.

MSSIM Mean Structural SIMularity The performance measure used
in this thesis to decide the visual
quality of the deblurred result.

MMSE Minimum Mean Square Error A method to minimize the square
error, used by many algorithms.
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Chapter 1

Introduction

1.1 IR image acquisition

IR light is defined as light with wavelength around 0.7 - 300µm compared to
390 - 750µm for visible light. The process over a complete image acquisition is
depicted in Fig. 1.1. An image of a real world scene is captured by exposing
the detector to the scene for a short period of time, see the left side in Fig. 1.1.
During the time when the shutter is open infrared light rays, both reflective from
the sun (lighter rays) and self emitting (dark ray) travels through the camera
lens. The lens attempts to make the rays converge at the detector to create a
sharp image. The detector consists of small light sensitive diodes whose purpose
is to record, discretize and transmit the incoming light to an electric signal. The
resulting image signal is quantized to represent a number of intensities, i.e. in
our case is 16 bits per color channel.

Figure 1.1: Thermal image acquisition. The detector picks up both reflective light
from the sun (lighter rays) and self emitting from the object (dark ray) to make a
resulting thermal image depicted to the right.
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1.2 Problem description

1.2.1 The problem from a customers perspective

Consider the case where a craftsman travels a long distance to take thermal
images for a client. His assignment is to examine the temperature of fuses to
detect possible overheating. When he returns back to put together the results
he notices that the images ended up blurred. This is due to that he forgot to
focus, had a hard time adjusting the focus perfectly or that the autofocus was
malfunctioning. Instead of going back to the workplace and take new IR images,
it would be very convenient if he could connect the camera with the computer
and press a ”deblur button”. This would save both time and money.

The deblurring will use known facts about the optics and detector to restore
the image. It may not be able to reproduce images with perfect focus, yet it
may produce a result that is fine enough for his client to make a decision.

1.2.2 The problem treated in this thesis

The goal with this master thesis is to evaluate the possibility to restore out-
of-focus images taken with FLIR’s thermal cameras. Infrared light has much
smaller wavelength than visible light and thus cannot be perceived by the human
eye. Light with these wavelengths can be used to measure the heat radiation and
reflection of an object to determine its temperature. The out-of-focus problem
occurs when the lens in the camera is slightly moved due to bad autofocus or
when the manual focus is set incorrectly. This phenomenon can be described
by a point spread function (PSF) which explains how the light is spread when
traveling through the lens and onto the detector. It has been shown that using
the knowledge of this PSF, one is able to restore some focus to the image. The
more knowledge that is known about the camera, the better restoration can be
performed. In this thesis, only the PSF for out-of-focus will be considered since
the noise levels are too complex to model in the infrared camera. For example
we have noise in both the time and spatial domain.

The different restoration algorithms will be evaluated on how well high fre-
quency details can be restored from the defocused image, compared to one taken
with best focus. Other important factors are boundary artifacts and noise en-
hancements but also the complexity of the algorithm as well as the computation
time.

1.3 Degraded images

Unfortunately all images end up more or less blurry. This is due to the fact that
there is a lot of interference in the environment as well as in the camera. Some
of these are listed below:

1. Lens - Spherical aberration, astigmatism, image distortion, defocus, chro-
matic aberration and coma are only a few out of many possible flaws in
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the lenses [4] which all contribute to the degradation of the image.

2. Detector - The light sensitive diodes are vital for the image capturing
and reproducing ability. The diodes get warmer the longer time they are
exposed to light, which consequently leads to an increased level of noise.
The electronics such as A/D, amplifier and mappings to align the diodes
outputs contributes to the degradation as well.

3. Turbulence distortion - When for instance the air gets heated, it rises
and makes the light flicker. This phenomenon can be observed above hot
surfaces such as an asphalted road or desert. At long distances, this has
to be taken into account and compensated for.

4. Motion - When capturing an image the shutter is open for a short period
of time to let the IR light enter. During this time, if either the hands or
objects in the scene moves, the resulting image will be motion blurred.
This due to the light rays that converge on different diodes and thus
creating a motion blurred image.

The degradation process can be visualized with the following system:

Figure 1.2: View over the degradation model

As depicted in Fig. 1.2, any blurred or degraded image can be described
with the following equation:

g(x, y) = h(x, y) ∗ f(x, y) + n(x, y), (1.1)

where g(x, y) is the blurred image, h(x, y) is the degradation function, f(x, y)
the original image, n(x, y) the additive noise and ∗ denotes the convolution
operator. Note that h(x, y) is a product of the different kinds of degradations
described earlier. In this thesis, only defocus will be considered and thus h(x, y)
corresponds to a blurring function which will be described in the next chapter.
If Eq.(1.1) is Fourier transformed, we arrive at the following expression:

G(u, v) = H(u, v)F (u, v) +N(u, v) (1.2)

To recover the original image one could rewrite the equation as:

F (u, v) =
G(u, v)

H(u, v)
− N(u, v)

H(u, v)
(1.3)
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To acquire the original image perfectly is theoretically possible if all these
parameters were known however this is in practice impossible to obtain. In this
thesis we will evaluate different methods to compute approximations of F (u, v).

1.4 The company

FLIR Systems is one of the world’s leading manufacturers of thermal imaging
devices. The applications for the thermal cameras vary from detection of heat
leakages in houses, used by the private consumer or craftsmen, to detection of
swine flu by measuring body temperature.

This thesis work was proposed and sponsored by FLIR Systems and is a part
of their ”good image button” project which basically will be a package of, for
instance, image restoration, contrast enhancing and noise reducing filters.
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Chapter 2

Background

In recent years there has been a lot of research within the area of image restora-
tion. However the first algorithms appeared already in the early 1940s and were
mainly used within the field of astronomy. The images from large telescopes,
such as the Hubble Space Telescope were distorted and had to be restored using
these deblurring algorithms. The following sections will explain some optical
terms that are fundamental for this thesis.

2.1 PSF - Point Spread Function

The point spread function, that is from here on denotes as PSF describes how
the light rays are captured in the detector i.e. the response of an imaging
device to a light source. It is a lens feature that relates to how the light rays are
distributed when passing through the lens and hit the detector. This response
is analogous to an impulse response, see Fig. 2.1(a) for an example of a PSF.
The spreading of the curve can be used to determine the quality of the imaging
system. A wider spread results in lower image quality since the rays for an
object will be distributed all over the detector instead of being focused. The
best PSF obtained in practice (best focus and perfect lens) is described by an
Airy disk [3] and its overall shape is depicted in Fig. 2.1(b). Consider the case
where we want to take a photo of a black image with only one white pixel, i.e. a
photo of a distant star. Then if it would be possible to neglect the fact that light
is comprised of waves, if diffraction did not exist and if we had a perfect lens,
then the star would be depicted as a single pixel. The PSF would be represented
as an impulse, see Fig. 2.1(c).
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(a) (b) (c)

Figure 2.1: PSF comparison. (a) A measured PSF. (b) Airy disk which corresponds
to the practically best possible focus. (c) Optimal PSF

The PSF can be obtained by building a rig with a small hole and a light
source behind it. The light is then reflected in a mirror and in the end captured
by the detector. Some examples of the PSFs used in this thesis for different
amount of blur are illustrated in Fig. 2.2.

(a) (b) (c)

Figure 2.2: PSFs used in this thesis (a) PSF corresponding to a lens movement of
+0.1mm, (b) +0.2mm and (c) +0.3mm.

2.2 MTF - Modulation Transfer Function

The Modulation Transfer Function, from here on denotes as MTF, is defined as
the absolute value of the Optical Transfer Function (OTF) which is the Fourier
transform of the PSF described earlier. The MTF describes how well a detector
is able to reproduce the contrast for different frequencies, see Fig. 2.3. The
vertical axis (contrast) is how well the contrast is reproduced where a value
of 1 equals 100% whereas the horizontal axis (frequency) describes how many
line pairs per mm (LP/mm) are considered. Higher frequencies in a scene often
results in lower contrast reproducibility which is why most of the detectors
MTF’s are declining curves.

For example, consider the case where we want to take a photo of a sine wave
in a real world scene. This sine wave will be reproduced with good contrast for
long periods (low frequency). However when the frequency gradually increases,
the contrast decreases and the sine wave will be more and more blurred. When
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Figure 2.3: Left: MTF for an arbitrary camera. Right: A sine wave scene in real
world and the resulting captured image. These figures are not physically correct

the frequency has reached the detector limit, the resulting image will be blank.
Fig. 2.3 illustrates this process.

The Nyquist frequency has to be taken into account here, since it states that
a signal is bandlimited if the frequency is higher than half of the sampling rate.
This theorem asserts that the signal can be represented discretely. A bandlim-
ited signal has no energy at the frequencies higher or equal to the bandlimit
and will not be able to be reproduced by the detector. This in short means
that a MTF that contains more frequencies than the detector can interpret is
unnecessary and will result in an inaccurate restoration.

2.3 Defocus

Of all the different degradation factors given in section 1.3, this thesis will focus
on the defocus part, i.e. to be able to deblur the images taken with wrong
focus position and make them somehow useful in the decision making. Since
we only consider the defocus part, we can set the degradation function h(x, y)
given in Eq.(1.1) to a measured PSF. The defocus occurs when the focus plane is
translated away from the plane of best focus due to lens movements. The further
away it’s translated, the more defocused the image becomes. A defocused image
has reduced sharpness, contrast and level of detail. When the focus is misplaced,
the rays will converge either before or after the detector which will result in a
blurry image, as illustrated in Fig. 2.4. The sign within the parenthesis denotes
the lens movement which controls the translation of best-focus plane.

Fig. 2.5 below depicts how a real world scene gets affected and degraded
by the PSF as it gets larger. Note that the last and smallest disc can hardly
be distinguished in the defocused result. The PSF in the figure is artificially
approximated with a Gaussian distribution.
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Figure 2.4: The defocus blur process occurs when the lens is moved, which corre-
sponds to translation of the focus plane. The +/- signs denotes the sign of the lens
movement which consequently translates the plane of best-focus.

Figure 2.5: Top: An optimal scene and camera output. Bottom: PSF for the
defocused resulting image.
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2.4 Spurious resolution

Spurious resolution is a phenomenon that phase reverses parts of the image,
which basically means that a white pixel becomes black and vice versa. The
cause of this is when the blur kernel (PSF) is large while the details are small.
The only way to discover that this has occurred is to examine defocused periodic
patterns. As illustrated in Fig. 2.6, we can see that the background becomes
more and more blurred in Fig. 2.6(b) and Fig. 2.6(c), the more we defocus it.
However in Fig. 2.6(d) we are able to discern the background lines compared
to Fig. 2.6(c). If carefully examined, the phase reversal is noticeable. The
horizontal and vertical bars in the background have shifted colors, e.g. look at
the top bar in Fig. 2.6(a) and compare it to the top bar in Fig. 2.6(d).

This will later decide if we should use the MTF or OTF to inverse transform
to a PSF for deblurring. The reason for using an OTF or a MTF is due to
detector limitations. If our image is subject to spurious resolution we have apply
an OTF, since it includes negative values which can undo the effect. Otherwise
a MTF can be applied.

(a) (b)

(c) (d)

Figure 2.6: The spurious resolution phenomenon. (a) Original image, (b) defocused
image and (c) further defocused. (d) Further defocused where the image has been
subject to phase reversal. These images are included from P. Walree’s webpage [5].

A more technical explanation to the phenomenon is illustrated in Fig. 2.7.
Here the colored correspond to the cross section of the four vertical lines in Fig.
2.6. The notion D corresponds to the diameter of a uniform blur disk that has
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been convolved with the image. The left image in each figure is when each of the
bars has been individually convolved and the right corresponds to the summed
and perceived signal.

(a)

(b)

(c)

(d)

Figure 2.7: The spurious resolution phenomenon. (a) Original cros section of the
four vertical lines given in Fig. 2.6. (b) and (c) defocused lines. (d) Further defocused
where the image has been subject to phase reversal.
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Chapter 3

Restoration algorithms

There are mainly two deblurring categories used to restore focus to images:

1. Blind deconvolution - No information about the camera or its system
is known. The PSF is estimated and used in the deblurring process.

2. Regular deconvolution - Information about the camera and its system
is known and can be utilized to restore the defocused image.

This thesis will mainly focus on the regular deconvolution part, since knowl-
edge about the camera exists within the company. Regular deconvolution tends
to be faster than the blind version, since neither assumptions nor estimations
of the PSF have to be made.

This chapter will present the eight deconvolution techniques that this thesis
covers, including one blind deconvolution technique for comparison. See Table
3.1 below for a short description of each of them. The thermal imaging device
used to acquire images is a camera from the company’s P-series which is able
to produce thermal images at a resolution of 640x480 pixels.

The first five algorithms are the standard MATLAB built-in and will be
shortly reviewed. The other three methods have been found interesting in the
literature and implemented.
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Section Method Type Overview

3.1 Inverse filtering Regular Fundamental
3.2 Wiener deconvolution Regular Requires noise estima-

tion
3.3 Regularization filter Regular User controlled noise

suppression
3.4 Richardson-Lucy deconvolution Regular Iterative
3.5 Blind deconvolution Blind Iterative, requires no

PSF, slow
3.6 Neural networks Regular Iterative, spatial, slow
3.7 Inter/intra scale deconvolution Regular Iterative, image pyra-

mid, detail levels,
many parameters to
tune

3.8 Total variation deconvolution Regular Iterative, edge preser-
vation, noise reduction

Table 3.1: Evaluated methods

Section 3.1 presents the degradation function and how an image can be re-
stored with inverse filtering. Section 3.2 presents the well known Wiener decon-
volution technique [9]. In Section 3.3 we present a technique similar to Wiener,
called Constrained Least Squares Filtering that falls into the regularization filter
category. In this technique we introduce a regularization parameter to control
whether we want high noise and details, or low noise and blurry. Sections 3.4
and 3.5 introduce the iterative techniques, the standard Richardson-Lucy de-
convolution and the blind deconvolution where the latter requires no knowledge
about the PSF. Section 3.6 introduces a spatial approach based on neural net-
works. Sections 3.7 and 3.8 introduce two recently developed algorithms, one
that utilizes image pyramids and adds detail layers while the other utilizes the
total variation with powerful noise reduction.

3.1 Inverse filtering

In the image acquisition step, the defocus occurs when the plane of focus is
translated away from the plane of best focus. Recall the degradation given in
Eq.(1.1). Inverse filtering is a simple approach which continues to elaborate on
Eq.(1.3). The original image is rarely perfectly restored due to different kinds of
noise that are impossible to model correctly. Therefore we estimate the image
F as:

F̂ (u, v) =
G(u, v)

H(u, v)
− N(u, v)

H(u, v)
(3.1)

Since we only consider defocus, the degradation function H(u, v) is given by
the PSF. If we exclude the noise, we can acquire the original image by dividing
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the Fourier transformed blurred image with the PSF, given that it is known.
However we mentioned earlier that noise N(u, v) introduces some difficulties. If
the noise is large or the PSF contains small values, the second term in Eq.(3.1)
will result in large values. As a consequence the resulting restoration will contain
noise that is extremely amplified and thus dominate the image. This problem
makes the reconstruction of the blurred image more complex, which is why
Inverse filtering in practice never is used for more than educational purposes.

3.2 Wiener deconvolution

The Wiener deconvolution is an application of the Wiener filter which is one of
the oldest techniques for image restoration. It is named after Norbert Wiener,
proposed 1942 and published 1949, see book written by Russ et al. [9] for more
details. The fundamental part in this algorithm is the Minimum Mean Square
Error (MMSE), see Gonzales et al. [1], which aims to reduce the error in the
blurred image. The error is given by the difference between the estimated image
and the original:

e = E
{

[f(x, y)− f̂(x, y)]2
}

(3.2)

where the image estimate f̂ can be expressed as:

f̂(x, y) = w(x, y) ∗ g(x, y) (3.3)

where w is restoration filter that minimizes Eq.(3.2). Following the deriva-
tion given in the book written by Acharya et al. [2], we arrive at the following
expression for F̂ known as the Wiener deconvolution:

F̂ (u, v) =
H∗(u, v)S(u, v)

|H(u, v)|2S(u, v) +N(u, v)
G(u, v), (3.4)

whereN(u, v) is the power spectrum of the noise, S(u, v) the power spectrum
of the original image and the rest of the terms are as described in Eq.(1.1). There
are some similarities between the Wiener deconvolution and inverse filtering. If
we disregard the noise term in both of the techniques (N(u, v) = 0) then the
Wiener deconvolution is reduced to an inverse filter.

The difficulty with this technique lies in the knowledge about the PSF and
noise. Assume that we have no information about the noise, then we can either
try to estimate the noise, or guess the ratio between image and noise power
spectrums.

To estimate the power spectrum we can first assume that the signal power
spectrum for most images have identical power spectrums, which is why we
can approximate the original signal power spectrum with the defocused one,
see Reeves blog [17] for details. The noise is assumed to be white noise which
makes the noise power spectrum a constant. The value of this constant can be
retrieved by calculating the variance of a homogeneous area in the image.
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Another approach that is frequently used is to replace the ratio of the two
power spectrums with a constant K:

F̂ (u, v) =
H∗(u, v)

|H(u, v)|2 + N(u,v)
S(u,v)

G(u, v) ≈ H∗(u, v)

|H(u, v)|2 +K
G(u, v) (3.5)

The value of K has to be guessed until a satisfactory image restoration result
is obtained.

3.3 Regularization filter

This section will present another approach to deblur images using regulariza-
tion, denoted as Constrained Least Squares Filtering in [1]. In short it can
be seen as an improved version of the Wiener deconvolution. As the Wiener
deconvolution, it also utilizes the MMSE measure. Where the difference is an
added regularization term. Wiener deconvolution requires the knowledge about
the original image and noise power spectrum which may not always be trivial
to obtain. The other approach presented in Eq.(3.5) with a constant, may not
always be an appropriate approach since it requires a lot of trial and error. The
regularization filtering aims to minimize the following expression:

∑

x,y

{

[f(x, y)− f̂(x, y)]2 − λ[l(x, y) ∗ g(x, y)]2
}

(3.6)

The notion l(x, y) is known as the smoothness operator and in the case of
constrained least squares filtering, l(x, y) is defined as the Laplacian operator

where λ is the control parameter. The notion f̂ is as described by Eq.(3.3).
Note that the first squared term in Eq.(3.6) is the MMSE measure. If Eq.(3.6)
is Fourier transformed we get the following error measure:

e = −1

2

∥

∥

∥F − F̂
∥

∥

∥

2

+
1

2
λ ‖LG‖2 (3.7)

where G, F̂ , F and L are the Fourier transformed counterparts of the vari-
ables given in Eq.(3.6) and the notion ‖.‖ refers to matrix normalization.

The image restoration is given if Eq.(3.7) is minimized by taking the deriva-
tive:

F̂ (u, v) =
H∗(u, v)

|H(u, v)|2 + λ|L(u, v)|2G(u, v) (3.8)

The Laplacian operator acts as a highpass filter in contrast to the PSF which
can be interpreted as a low pass filter. This highpass filter is used to enhance
the high frequencies which correspond to sharp features in the image such as
edges. Noise can also be represented as sharp features. Consequently the term
L(u, v) will result in a removal of high frequencies together with the noise. The
parameter λ controls how rough this frequency removal should be. A larger
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value results in a blurrier image with less noise while a smaller value gives a
sharper image but increased noise. Fig. 3.1 illustrates the consequences when
choosing the λ value. The original signal used for this illustration was a step
signal.

(a)

(b)

(c)

Figure 3.1: The image illustrates the consequences of different values of λ. The
input is given as a step response and the deconvolved can be seen to the right in the
image series. (a) Low λ results in high noise, but step response remains sharp. (b) Mid
ranged λ results in a deconvolved image with ringing artifacts. (c) The deconvolved
results from high valued λ. The error is suppressed while the image estimate error is
high, returning a blurred image.

Many regularization methods utilizes the Tikhonov regularization as core,
where the variations lie in the selection of the operator l(x, y). The Tikhonov
regularization was proposed by Andrey Nikolayevich Tychonoff [15] one year

after Wiener, 1943. Note that if λ|L(u, v)|2 ≈ N(u,v)
S(u,v) the regularization filter is

reduced to the Wiener filter.

3.4 Richardson-Lucy deconvolution

This algorithm was proposed by Leon B. Lucy [6] and William Hadley Richard-
son [7] in the early 1970s and fundamentally derived from the Bayes’ theorem
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[1]. Since then, people have improved this method to be less computationally
heavy and increased the visual quality, however the core concept is the same.
The major distinction between Richardson-Lucy deconvolution and Wiener de-
convolution is that this method is an iterative approach to find the original
unblurred image.

Theoretically, the longer the method iterates, the closer it will come to con-
verge to the latent image. However this is not always the case since in general
all the images include some level of noise thus increasing the noise amplitude
the longer we iterate. Richardson-Lucy deconvolution has two desirable proper-
ties, non-negativity and energy preservation. The non- negativity constrains the
estimated image to only include positive values while the energy preservation
always keep the image energy at same level during the iterations.

The algorithm assumes that the noise of the defocused image is Poisson
distributed hence the likelihood probability can be expressed as:

p(g|f̂) =
∏

x

(f̂ ∗ h)(x, y)g(x,y)e−(f̂∗h)(x,y)

g(x, y)!
(3.9)

As described in Section 1.3, f̂ is an estimation of the original image, h the
PSF and g(x, y) equals the degraded image, defined as the Poisson process of
f ∗ h for each pixel x, y. Then it can be shown that the maximum likelihood
solution for the estimated image can be obtained by minimizing the following:

f̂ = argmin
f

E(f) (3.10)

where

E(f) =
∑

{

(f̂ ∗ h)− g · log[(f̂ ∗ h)]
}

(3.11)

Assuming that the PSF is normalized and Eq.(3.6) is calculated, the algo-
rithm can proceed and update the image iteratively according to:

f̂ t+1 = f̂ t

[

hT ∗ g

(f̂ t ∗ h)

]

(3.12)

Where hT denotes the transpose of h, ∗ the convolution operator, and t the
time step. For a full derivation of Eq.(3.12) see [10]. The algorithm implemented
in MATLAB is based on an accelerated Richardson Lucy that guarantees a faster
convergence to a result in fewer iterations, see paper written by Biggs et al. [11].

3.5 Blind deconvolution

The name blind deconvolution derives from the fact that both the PSF and
original image are unknown. There exist several different approaches within
this area but the goal is the same, to estimate the image and the PSF. This
is mainly achieved by using iterative techniques such as the earlier described
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Richardson-Lucy, see Eq.(3.12). The PSF can be estimated with the following
equation:

ĥt+1 = ĥt

[

f̂ t ∗ g

(ĥt ∗ f̂ t)

]

(3.13)

where ĥt+1 is the next iteration of the PSF, f̂ t is the current image approx-
imation and g the original defocused image. For each iteration we update the
image estimate f̂ according to Eq.(3.12) and use this to approximate a new
PSF.

3.6 Neural networks

3.6.1 Introduction

Neural networks is an approach that can be used for image restoration. The
major difference between this approach and the ones described in the previous
sections is that it does not need to operate in the frequency domain. The Hop-
field neural networks [12] has been used for various optimization problems since
the introduction 1982. The neurons can be seen as small and simple elements
that are able to perform simple calculations. These can in large numbers exe-
cute more complex operations, hence it is not unusual for the number of neurons
to exceed millions.

Zhou et al.[13] proposed in 1988 an approach to use these neurons to mini-
mize the errors in an image restoration. The procedure of restoration is mainly
divided into two parts. First, the parameters used for restoration are estimated
by comparing the neural network’s energy function to a constrained error func-
tion. Then this energy function is iteratively reduced until a minimum is ob-
tained, thus receiving a deblurred image. The energy function associated with
a neural network is given by:

E = −1

2
f̂TWf̂ − bT f̂ (3.14)

The above stated equation has similarities with the constrained least square
error measure given in Eq.(3.7) which we will discuss later. In terms of neural
network W is the matrix where its elements wij describe the interconnection
strength between neuron i and neuron j. The vector b is defined as the bias
input, where each element bi is a scalar. This value is used to calculate the
input to a neuron. The notion f̂ corresponds to the image estimate, defined as
a lexicographically ordered vector. These variables and how they are connected
as well as the neuron structure are illustrated in Fig.3.2. The notion ∆f̂i cor-
responds to the change in energy, while ui is the input to a neuron. Fig. 3.2(b)
shows the block structure that is used in the dotted block area in Fig. 3.2(a).
This block structure summarizes the total number of neurons and output the
current iteration pixel value.
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Zhou et al. [13] proposed that each image pixel is represented with N neu-
rons, where N equals the number of grey levels. For instance, consider a grey
colored image consisting of 512x512 pixels and 256 grey levels. Given the ear-
lier statement, we get a total number of 67.1 million neurons. Furthermore the
computational complexity increases as each neuron is influenced and connected
by all the other neurons. Given the previous example, the number of connec-
tions will be approximately two quadrillions (1015) which implies that for each
iterations more than two quadrillions operations need to be made. The com-
putational time increases exponentially, however this is not the only problem.
The storage space required for these neurons is enormous and often not feasible
which is why small images sizes and low level of grey levels are used.

In section 3.6.3 we discuss how the computational time can be reduced by
using a modified Hopfield network, proposed by Paik et al. [14]. Section 3.6.4
presents an adaptive approach which utilize the image information to adaptively
assign regularization parameters.

(a) (b)

Figure 3.2: (a) The Hopfield neural network structure where the neurons and its
interconnection strengths wi,j to other neurons are illustrated. The change in energy
∆f̂i is given by thresholding the input ui with function B which is given in Eq.(3.21).
(b) The simple sum block structure used by Zhou [13] in the Hopfield neural network
in (a). The notion vi,x denotes the state of the neuron. This block output would be
the resulting pixel value fi.

3.6.2 The restoration algorithm

The first step in the parameter estimation for the neural network is to expand
Eq.(3.14) and Eq.(3.7). For the full derivation of these expansion, see [16].
When expanding Eq.(3.14) we arrive at the following final expression:

E = −





1

2

L
∑

i=1

L
∑

j=1

wij



 f̂if̂j −
(

L
∑

i=1

bi

)

f̂i (3.15)
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and expanding Eq.(3.7) results in the following:

E =





1

2

L
∑

i=1

L
∑

j=1

L
∑

p=1

hpjhpi + λ
L
∑

p=1

dpjdpi



 f̂if̂j −
(

L
∑

i=1

L
∑

p=1

gphpi

)

f̂i (3.16)

The degraded image pixel is given by gp whereas hxy and dxy denotes the
(x, y)th element of the PSF respective the smoothness operator discussed in
Eq.(3.6). The regularization constant λ is as described in Eq.(3.8), and the
constant L equals the total size of an image, given in pixels.

Note that the degraded image g is single indexed which implies that it is
lexicographically ordered i.e. the rows of a matrix are stacked after each other
to produce a single vector. This also applies to the image estimate f̂ . This
ensures that matrix multiplication can be performed later.

By equating the first and second parenthesis in Eq.(3.15) and Eq.(3.16)
respectively, the constrained least square error measure can be matched to our
neural network model. To realize this match, the connection strengths between
the neurons and the bias input must be set to the following:

wij = −
L
∑

p=1

hpihpj − λ
L
∑

p=1

dpidpj (3.17)

and

bi =
L
∑

p=1

gphpi (3.18)

Given these facts, we can for each iteration in the algorithm calculate the
input value to a neuron defined as:

ui = bi +
L
∑

j

wij f̂i, (3.19)

where 1 ≤ i ≤ L, wij and bi denotes the previously stated interconnection

strength and bias input whereas the term f̂i denotes the image estimate at pixel
i. This input value ui is then used to determine the change of the state of a
neuron with the following expression:

∆f̂i = B(ui), (3.20)

where B is a threshold function described as:

B(u) =







1 if u > 0
0 if u = 0
−1 if u < 0

(3.21)
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The PSF h and smoothness operator d will be a block Toeplitz with Toeplitz
blocks (BTTB) matrices if the image is assumed to be zero outside. If the
image has periodic boundaries it would be a block circulant with circular blocks
(BCCB). How these are created is described in by Hansen et al. [8].

The change of neuron state ∆f̂i is used to update the overall energy change
in one pixel, given as:

∆E = −1

2
wii(∆f̂i)

2 − ui∆f̂i (3.22)

An energy decrease has to be ensured by verifying that the sign of ∆E is
negative. If it is then we can update the current neuron state:

vi,k = vi,k +∆f̂i (3.23)

The new estimation of the pixel value is given by summing all the neurons
connected to it.

f̂i(t+ 1) =
S
∑

k=0

vi,k, (3.24)

where S corresponds to the total number of grey levels. The equations
Eq.(3.19) - (3.24) are calculated iteratively until the change in the current esti-

mated image f̂(t) and the last estimate f̂(t−1) equals zero. This neural network
process is illustrated in Fig. 3.2 together with all the variables previously de-
scribed.

As earlier described, this algorithm is not computationally practical. For
each pixel, all the neurons assigned to it have to have its inputs and energy
change calculated. In thermal imaging, each pixel in the infrared image is
represented by 16bits which corresponds to 65 536 grey levels. This makes the
fundamental algorithm proposed by Zhou et al. unusable for our purposes.

3.6.3 Modified Hopfield Network

Paik et. al [14] suggested a modified approach of the Hopfield neural network
where instead of utilizing one neuron for each grey level, a single neuron per pixel
could be used. The step where the energy reduction is verified was removed and
a different method for calculating ∆f̂i was presented. The restoration process
could finish with less iterations [14].

This was further developed by Guan et al. [16]. The approach presented by
Paik et al. [14] used neurons that updated their values with ±1 whereas in the
Guan et al. approach the neuron can take any value between 0 and S. This
ensures a faster energy reduction and thus arrives to a solution sooner.

The equations given by Eq.(3.23) and (3.24) are calculated when the en-
ergy decrease is ensured to update the current pixel value. With the approach
presented by Guan et al. these two previously described equations can be ex-
changed to a faster neuron update formula, given as the following equations:
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∆f̂∗i = − ui

wii

(3.25)

and

f̂i(t+ 1) = K(f̂i(t) + ∆f̂∗i ) (3.26)

where

K(u) =







0 if u < 0
u if 0 ≤ u ≤ S
S if u > S

(3.27)

The result of f̂∗i can take any value between 0 and the maximum number of
grey levels. This is then used in Eq.(3.26) to ensure a faster convergence.

3.6.4 Adaptive neural networks

Up until now we have used a constant regularization parameter λ for the whole
image when restoring using regularization filter and neural networks. As earlier
described, this parameter controls the noise suppression at the cost of more blur
in the restored image. In the paper written by Perry et al. [20] a variance based
approach was proposed. It was shown that the human eye is less able to discern
an increase of noise level in high variance areas than low variance.

The fundamental idea is to calculate the variance of the blurred image and
depending on the variance value, assign different values for λ. For instance if
an area is homogeneous (flat), the variance is low and thus a higher λ value
can be set. Respectively for a textured area, a low value of λ is used. This in
comparison to before, does not result in an entirely noised or blurred image,
but blurred only where the smooth regions are and more noise to the textured
regions.

Perry et al. [20] suggested that only a few levels of λ were used based
on the variance value. This approach was hard to control when assigning the
values for λ because of the high variance values that where obtained from the
infrared data. Instead the standard deviation was applied and for each value
an appropriate λ was assigned. The algorithm does not require any real user
inputs when deblurring. The problem is that the different values of λ have to
be assigned to the corresponding standard deviation value.

A stopping criterion was implemented to cancel the deblurring process if the
difference between two iterations were smaller than a user specified threshold.
The reason for this was to prevent unnecessary iterations since the difference
becomes smaller and smaller further into the deblurring process. The criteria
used was implemented from the paper written by Tao et al. [29].
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3.7 Progressive inter- and intra scale deconvo-
lution

This approach proposed by Yuan et al. [22] uses a modified Richardson-Lucy
approach called Joint Bilateral Richardson-Lucy (JBRL) as core. The main idea
is to use smaller scale images to achieve better denoising and reducing ringing
artifacts (inter scale). The edges are preserved by a bilateral filter and further
enhanced by adding detail levels on each image scale (intra scale). The image
scales are created by downsampling the blurred image into several smaller sizes.
In each image scale the JBRL is used to deblur the image and subsequently
used as a guide image to guide the deconvolution in the next scale.

This technique was mainly developed to handle motion blur, but can be
applied to out-of-focus images. An overview of the progressive inter- and intra
scale deconvolution is illustrated in Fig. 3.3. Note that these methods are
applied to every scale but the lowest and smallest one, since there is no guide
image that can be applied for it.

Figure 3.3: The progressive inter- and intra scale deconvolution, performed at every
image scale but the smallest.

The inter-scale method relies on an image pyramid which is created by
downsampling the original defocused image by a scale factor of

√
2 for each scale.

Starting with the lowest level image, it is deblurred and upsampled as a guide
image which is subsequently used in the next image scale for deblurring. The
guide image contains the regularization parameter for each pixel which defines
if it should be deblurred heavily to recover details or lightly to reduce noise.
This process is then repeated in each image scale.

The intra-scale method is also known as iterative residual deconvolution
and in contrast to denoising, this technique is adapted to preserve edges and
other high frequency details. See [22] for a full description and derivation.
In short after each deblurring, a detail layer is extracted by subtracting the
deblurred image with the defocused. Then JBRL is used three times on this
detail level, each time with a decreased regularization parameter value. This
results in a detail level that contains finer details than previously.
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3.7.1 Inter scale

The extra functionality added to the original Richardson-Lucy is a joint bilateral
filter. The bilateral filtering was first proposed by Tomasi et al. [24] and works
like a smoothing filter for noise reduction. The difference between this filter and
a regular lowpass (smoothing) filter is that the bilateral filter retains the edges
in the image. The foundations of the bilateral filter are two gaussian functions
defined by a range filter and a spatial filter. The range filter compares the
intensity between pixels which ensures that edges are not smoothed, since an
edge is given as a sharp contrast between two intensities. The spatial filter is
defined by a spatial distance between pixels to ensure that pixels far away from
the evaluated are weighted less. The effect of these filters is illustrated in Fig.
3.4. For a full derivation of these functions, see [24].

(a) (b) (c)

(d) (e)

Figure 3.4: The results from bilateral filtering. (a) The input 2D signal, (b) the
gaussian spatial filter and (c) the resulting output. Note that the edge has shrunk.
(d) The combined gaussian spatial and range filter and (e) the resulting output. The
edge is maintained together with reduced noise. This image is included from the paper
written by Durand et al. [31]

Joint bilateral filtering is used to retrieve details from one image while de-
noising another using the bilateral filter. Examples of how this can be utilized
and derived is described in the papers written by Petschnigg et al. [25] and
Kopf et al. [23]. In Petschnigg et al. a method to extract details from a flash
image while using the colors from the non-flash image is described. This results
in a detailed image with correct colors.

Recall the original Richardson-Lucy given in Section 3.4. The joint bilateral
Richardson-Lucy can be expressed by extending Eq.(3.12) to the following:
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f̂ t+1 =
f̂ t

1 + λ∇EB(f̂ t)

[

hT ∗ g

(f̂ t ∗ h

]

(3.28)

where f̂ t, g and h are as described previously in the Richardson-Lucy Section.
The notion λ is again used as a regularization parameter and ∇EB(f̂) is a
function described as:

∇EB(f̂) =
∑

y∈Ω

(f̂d
y − f̂d

yDy) (3.29)

where Dy is the displacement operator which shifts the entire image by |~e|
pixels. This shift occurs in the direction of ~e where ~e is given as the displacement
vector from each pixel x to its neighbor y. The spatial support is denoted as Ω
where a larger value will result in a larger window for the shifting. The notion
f̂d
y is the filtering core for JBRL, defined as a gradient image which together
with λ controls the regularization. This is defined as:

f̂d
y (x) = a(|x− y|) · b(|f̂(x)− f̂(y)|) · b′(|f̂g(x)− f̂g(y)|) · (f̂(x)− f̂(y))

σr

(3.30)

where a and b corresponds to the spatial filter and range filter respectively
whereas b′ denotes the range filter applied on the guide image f̂g. The notion
σr is adaptively set to 0.01 · |max(f̂) −min(f̂)|2 according to Kopf et al. [23].
However this value is very large since we have infrared images, and therefore
statically set to 1.0.

3.7.2 Intra scale

As mentioned previously the intra scale is responsible for restoring high fre-
quency features. This is achieved by applying the following steps at each image
scale.

1. Use the deblurred and upsampled guide image from the previous image
scale and subtract it from the downsampled blurred image. The result
will be a detail layer.

2. The detail layer is deblurred with JBRL to create further details by de-
creasing the regularization parameter λ.

3. After deblurring, the resulting detail layer is added to the guide images.

4. Extract a new detail layer by subtracting the new guide image from the
downsampled image, decrease λ by the factor 1

3 and repeat from step 2.

After three iterations our guide image contains more details than before and
is ready to be used in the deblurring algorithm as the guide regularization image
f̂g.
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3.8 Total variation deconvolution

3.8.1 Introduction

This section will present an approach to solve the total variation deconvolution
problem. The problem, known as the TV/L2 problem is given by Eq.(3.31)
and will be solved by approach proposed by Tao et al. [29]. The algorithms’s
strengths beside image deblurring is according to the writer a superiority in
preserving edges. This basic idea behind the total variation algorithm was
proposed by Rudin et al. [27] in 1992 and was applied in image denoising using
partial differential equations (PDE). The implementation for image restoration
arrived two years after, also proposed by Rudin et al. [28]. It is an iterative
approach with a stop criterion to deblur until a minimal difference between the
iterations is achieved. Since then many different approaches have been proposed.
The one presented here is based on total variation regularization and given as
the following minimization problem:

min
f̂

∑

i

||Dif̂ ||+
µ

2
||w ∗ f − g||2 (3.31)

where f , g, w and f̂ are as earlier described in this thesis and i denotes the
current pixel, 1 ≤ i ≤ N , where N is the number of image pixels. The parameter
µ is used as a regularization parameter which should be inversely proportional
to the variance of the noise, while Di is a first-order finite difference operator
defined as:

Dif̂ =

(

f̂i+n − f̂i
f̂i+1 − f̂i

)

(3.32)

The first and second term in Eq.(3.32) are given as the difference in verti-
cal and horizontal direction, respectively. The number of columns in a row is
denoted as n. The main feature of this algorithm is to make a variable replace-
ment for Dif̂ in Eq.(3.31) and add a penalty function which will be discussed
later. These are afterwards solved in two steps by keeping one variable fixed
while calculating the other, and vice versa.

3.8.2 Alternating Direction Method

The alternating direction method (ADM) proposed by Tao et al. [29] is a
modified version of the fast total variation deconvolution proposed by Wang et
al. [30]. According to Wang et al. Eq.(3.31) is difficult to solve due to the
nondifferentiability and the coupling of variables. To solve this problem, they
derived the following algorithm from optimization techniques which includes
variable splitting and a penalty function:

min
z,f̂

∑

i

||zi||+
β

2

∑

i

||zi −Dif̂ ||2 +
µ

2
||w ∗ f − g||2 (3.33)

27



Eq.(3.33) has it similarities with Eq.(3.31). The notion zi is an auxiliary

variable used to replace Dif̂ and the second term is the penalty function whose
task is to penalize the difference between zi and Dif̂ where β is a penalty
parameter. This penalty function is used to ensure that the variable substitution
attempts to remain intact. The β parameter decides how exact the solution
should be. A high value give a more exact solution since the penalty will be
high, however the convergence to this solution will be slow. Therefore Wang
et al. [30] suggested to gradually increase the value of β. Tao et al’s [29]
modification is among other, the introduction of the function κ, according to:

min
z,f̂

∑

i

||zi|| − κT
i (zi −Dif̂) +

β

2

∑

i

||zi −Dif̂ ||2 +
µ

2
||w ∗ f − g||2 (3.34)

The function κ is used to prevent the β parameter going to infinity and is
updated after each iteration.

κk+1 = κk − γβ(zk+1 −Df̂k+1) (3.35)

where γ is a user specified steplength, 0 < γ < (
√
5 + 1)/2.

The equation is now separable and we can minimize one parameter while
keeping the others fixed. If we start with a fixed f̂ , we can calculate the next
iteration for zi by minimizing the following two terms:

min
zi

||zi||+
β

2
||zi −Dif̂ ||2 (3.36)

where the minimization is performed with the following equation:

zk+1
i = max

{∥

∥

∥

∥

Dif̂
k +

1

β
(κk)i

∥

∥

∥

∥

− 1

β
, 0

}

Dif̂
k + 1

β
(κk)i

∥

∥

∥Dif̂k + 1
β
(κk)i

∥

∥

∥

, (3.37)

where the function max ensures that no negative values exist in the solution.
Next step is to keep z and κ fixed and minimize f̂ . The next iteration in our
deblurring process is achieved by solving the following:

f̂k+1 = F−1
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 (3.38)

where F and F−1 denote the Fourier transform and its inverse respectively.
The penalty parameter β is set as a predetermined value in the ADM approach,
thus remaining static. Consequently the denominator can be calculated sepa-
rately once, since it remains constant during the whole deblurring process. The
deblurring process is iterative and the more iterations that are performed, the
more exact will the obtained solution be, theoretically. However after a num-
ber of iterations, the difference between two iterations is minimal and thus a
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stopping criterion can be implemented. If this criteria falls below a certain user
specified threshold ǫ, the deblurring process is canceled.

||f̂k+1 − f̂k||
max

{

||f̂k||, 1
} < ǫ (3.39)

For each iteration, Eq.(3.35)-(3.38) is calculated. Compared to the earlier
approach proposed by Wang et al. [30] the results are almost identical, however
the runtime for the ADM algorithm is up to five times faster. The deblurring
results from this algorithm will produce boundary artifacts. These occur due to
the assumption that the boundaries are periodic, i.e. the right end is extended
with the left to handle out of bounds errors, and vice versa.

3.8.3 A modified ADM DCT approach

The earlier assumption of the periodic boundaries are necessary for the opti-
mization that Wang et al. [30] proposed. If we instead assume that the image
has reflexive boundaries (mirrored), we can utilize the discrete cosine transform
(DCT) instead of the Fourier transform. This approach was suggested by Jun-
feng Yang, a co writer of [29]. Methods to apply reflexive boundaries and solve
it with DCT for image deblurring have been proposed earlier by Ng et al. [32]
and Hansen et al. [8].

When periodic boundaries are assumed, matrix theory states that a block
circulant with circulant blocks (BCCB) matrix has to be used. It is shown
that the spectral decomposition of this matrix which is required for deblurring
can be achieved by the Fourier transform. For the reflexive boundaries, one
would require a Toeplitz-plus-Hankel with Toeplitz-plus-Hankel matrix and the
solution for the spectral decomposition is given by the DCT and thus used in
this approach.

As a result, the general solution to the DCT approach is to exchange the
Fourier transforms in ADM to the DCT solution proposed by [32][8]. Further-
more a Laplacian operator has to be added, the same that was used in the
regularization filter given in section 3.3.

∇f(x, y) = f(x− 1, y)+ f(x+1, y)+ f(x, y− 1)+ f(x, y+1)− 4f(x, y) (3.40)

where f(x, y) corresponds to the pixel value in the image f at location x and
y. The Laplacian corresponds to a second order difference operator and works
in both the horizontal and vertical direction simultaneously. Compare this to
the first order difference operators used in ADM which have to be applied for
each direction.
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Chapter 4

Results

This chapter will show the results from the deblurring algorithms discussed in
the previous chapter. In section 4.1, we introduce a performance measure that
will be used as a complement to determine the restored image quality. Section
4.2 shows how the image scene is setup and how the defocus is created. A com-
parison between the different MATLAB built-in algorithms are given in Section
4.3. Section 4.4 shows the results from the Neural network restoration and due
to some circumstances Section 4.5 will only show the bilateral Richardson Lucy
result from the progressive inter- and intra scale method. Section 4.6 presents
both the results from the ADM and the modified ADM with DCT approach
while the last Section 4.7 gives a short summary and the deblurring limits of
each algorithm.

The hardware specifications for the computer used in the image restoration
algorithms were an Intel i7 Q720 (1.60Ghz, Quad core) 4GB RAM and ATI 5830
1GB graphics card. The implementations were made in MATLAB R2009b 32bit.
The resulting deblurred images use the iron colormap to depict temperature.

4.1 Performance measurement

Since the images deblurred are low resolution and when the paper is printed in
black and white, the quality of the images may decrease. Hence it can be hard
to see the difference between two deblurred images that are almost identical.
To get around this problem we introduce the performance measure proposed by
Wang et al. [19].

Some of the most commonly used measures are peak signal-to-noise ratio
(PSNR), signal-to-noise ratio (SNR), mean squared error (MSE) [1][9][21] and
autofocus contrast measures [18]. See corresponding references for how these
values are calculated. A major drawback of the three first mentioned methods
is that they compare pixel intensity values rather than overall visual quality
while the latter measures high frequency components. Consequently a restored
image with high noise may be classified as a better image than another that is
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visually more correct. An example of this is illustrated in Fig. 4.1 where Fig.
4.1(c) is considered to be better than the image given in Fig. 4.1(d).

The image values have been cropped to the interval [0 1] and then evaluated
using the PSNR and MSE measures. A higher PSNR denotes a more correct
restoration in contrast to the MSE where a low value denotes a more correct
restoration. Every quality measurement requires an original image of the scene
to be able to compare how well the restoration process performed, hence a
reference image with best focus were taken for each blurred shot.

(a) (b)

(c) (d)

Figure 4.1: The drawback of the most widely used performance measures. (a)
The reference image with good focus. (b) The blurred image. (c) Deblurred with
high noise, PSNR = 17.67 and MSE = 0.0171 (d) Deblurred, PSNR = 16.42 and
MSE = 0.0228

In the paper written by Wang et al. [19] a new performance measure was
introduced. This measure is based on the known characteristics of the human
visual system and is called Structural Similarity (SSIM). Briefly, we have a
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window that extracts a subimage x and y which corresponds to the reference
and the deblurred image. Let µx, σ

2
x and σxy denote the mean of x, the variance

of x and the covariance between x and y respectively. In [19], the luminance,
contrast and structure measures could be approximated with the previously
described notions as follows:

l(x, y) =
2µxµy + C1

µ2
x + µ2

y + C1
(4.1)

c(x, y) =
2σxσy + C2

σ2
x + σ2

y + C2
(4.2)

s(x, y) =
σxy + C3

σxσy + C3
(4.3)

where C1, C2 and C3 are constants given as:

C1 = (K1L)
2, C2 = (K2L)

2 and C3 = C2/2 (4.4)

where L equals the number of grey levels and K denotes small constants
given as K1 = 0.01 and K2 = 0.03. The resulting SSIM value is given by:

SSIM(x, y) = l(x, y) · c(x, y) · s(x, y) (4.5)

This value relates to the subimages only, which is why we have to calculate
and sum the SSIM value for every subimage. The mean SSIM (MSSIM) is given
as follows:

MSSIM(X,Y) =
1

M

M
∑

j=1

SSIM(xj ,yj) (4.6)

where X and Y are the reference and deblurred image respectively whereas
xj and yj are defined as the j-th subimage. The notion M is the total number
of subimages used. For a perfect restoration when using the reference image,
the MSSIM will return a value of 1 while a lower value denotes lower quality.
Note that this value is not perfect but provides a better quality estimate than
the other measures.

4.2 Image setup

To test the deblurring algorithms that have been presented and implemented
in this thesis, some test images have to be included. A raster in front of a
blackbody temperature beamer has been used in the results section where its
visual image is shown in Fig.4.2. The reason for this choice is that the raster
provides many sharp edges (the bars) as well as high frequency details such as
the holes, see Fig.4.2(b).
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(a) (b)

Figure 4.2: The visual test image. (a) The raster used in front of a beamer. (b)
The cropped visual version (89x89) used in the deblurring results presented in this
section.

The cropped 89x89 pixels image is used due to limitations in the neural net-
work implementation. To be able to provide fair comparisons, all the deblurring
algorithms will use images of this size.

The creation of a defocused image with specific defocus was performed by
focusing an object at specific distance, in this case 1.5m. Instead of moving
the actual lens, the camera was moved closer or further away to create a lens
movement shift from +0.3mm to -0.3mm, respectively. See Fig. 2.4 for an
explanation of where the best-focus plane is translated when the lens movement
is applied. The distance required to achieve this defocus was made by optical
lens calculations. The reference image was taken by refocusing until the best
focus was achieved.

To test the boundaries of each algorithm presented in this thesis, another
two best-focus distances were chosen. The distances 2.0m and 2.5m were used
and thus a bigger raster with bigger holes was required. The visual image
for the new raster setup can be seen in Fig. 4.3. Moving the camera back
and forth results in an image that is not identical over the lens range, e.g.
moving the camera backwards, results in a zoomed out view in comparison with
the best-focus image. Thus an image with more background is created which
consequently leads to a higher MSSIM. One way to solve this involves cropping
of the images to include same amount of details. However this would make the
resulting MSSIM incomparable since boundary artifacts affect a smaller image
more than a larger.
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(a)

Figure 4.3: The visual test image for deblurring at best-focus distance 2.0m and
2.5m, in the range corresponding to a lens movement shift from +0.3mm to -0.3mm.

Note that these defocus images are created in a controlled environment cor-
responding to a desired focus shift. However in real world, this is seldom the
case since measuring the level of defocus and distance, and as a consequence no
PSF can be obtained. This thesis provides the boundaries of each deblurring
algorithm at specific best-focus distances.

The image values after each deblurring algorithm have been cropped to re-
main in the interval between 0 and 1 since many of the implemented algorithms
enhance the image frequencies and thus some image values. This happens to
only a few pixels and without this cropping, the colormap would remap the
colors to be within this new range. Consequently this leads to an image with
different colors than the other restored images thus making the comparison more
difficult.

4.3 Standard algorithms

The results from the built-in MATLAB algorithms presented in Section 3.1-3.5
are given in this section. For comparison purpose the reference image with best
focus and the defocused image will be included. The resulting image series of
a beamer with a raster in front can be seen in Fig. 4.4 where the defocus was
created by a shifting the lens -0.2mm and from here on denoted as a focus shift
of -0.2.

The parameters for these restorations were chosen so that the deblurred
image obtained as high MSSIM value as possible. The parameters, time and
MSSIM value for each of these algorithms are listed in Table 4.1.
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(a) (b)

(c) (d)

(e) (f)

Figure 4.4: Restored images using the built-in MATLAB algorithms. (a) The
reference image (b) Defocused with focus shift -0.2 (c) Restored using Wiener de-
convolution (d) Regularization filter (e) Richardson-Lucy deconvolution and (f) Blind
deconvolution.
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Image Parameters Computation time MSSIM

4.4(b) - - 0.7177
4.4(c) K = 0.01 0.039s 0.8602
4.4(d) λ = 0.01 0.075s 0.8244
4.4(e) iterations = 10 0.128s 0.8533
4.4(f) iterations = 5 0.168s 0.5352

Table 4.1: The performance of the different MATLAB built-in image restoration
algorithms.

As can be seen in the previous figure, some features such as the holes in the
raster have not been restored correctly in any of these algorithms. Therefore a
more powerful deblurring was made by choosing different parameters, to restore
these details. The results are shown in Fig. 4.5.

Note that to be able to restore these features, the overall quality has de-
creased. In Wiener Deconvolution (Fig. 4.5(a)) periodic boundaries are visible
at the edges of the image and the noise level has increased as a result. The same
artifacts are also visible in the regularization filter restoration, Fig.4.5(c). Fig.
4.5(b) shows how the Richardson Lucy Deconvolution performs when the num-
ber of iterations is increased. Noise is enhanced together with severe boundary
artifacts. Table 4.2 lists the parameters used and corresponding MSSIM value.
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(a) (b)

(c)

Figure 4.5: Deblurring using MATLAB built-in algorithms. Parameters chosen to
reproduce image features at the cost of overall quality. (a) Wiener deconvolution, (b)
Richardson Lucy deconvolution and (c) Regularization filter

Image Parameters Computation time MSSIM

4.5(a) K = 0.001 0.041s 0.7176
4.5(b) iterations = 60 0.411s 0.6533
4.5(c) λ = 0.0001 0.066s 0.6607

Table 4.2: The performance of heavily deblurred Wiener deconvolution, heavily
deblurred Richardson Lucy and a heavily deblurred using regularization filter.

Tables 4.1 and 4.2 together with corresponding Fig.4.4 and Fig.4.5 illustrates
the problem with a performance measure. If we deblur heavier we obtain the
details we first sought, however at the cost of noise enhancement, boundary
artifacts and lower MSSIM value.
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4.4 Neural network

A comparison between the fundamental neural network described by Zhou et
al. [13] and some modifications to it will be shown in this section. Due to the
limitations in the algorithm proposed by Zhou et al. no deblurred images with
this technique will be presented here. One of the factors for this limitation is
the number of grey levels in an infrared image which restricts the restoration to
a 10x10 pixels large image. A 10x10 pixel image with some boundary artifacts
is too small to make a fare comparison and therefore disregarded.

4.4.1 Modified Hopfield Network

The modified Hopfield neural network approach proposed by Guan et al. [16] has
the advantage of converging to the minimum faster while requiring less neurons.
Due to matrix limitations in MATLAB an image of size 89x89 pixels could be
deblurred. The used image series is a beamer with a raster infront. The results
are shown for different λ values in Fig. 4.6. The number of iterations, the time
and the resulting MSSIM value are summarized in Table 4.3.
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(a) (b)

(c) (d)

(e)

Figure 4.6: (a) The reference image taken with best focus (b) Blurred beamer image
with focus shift -0.2 (c) Deblurred using algorithm proposed by Guan et al. [16], with
λ = 0.001. (d) Same algorithm, with λ = 0.0005 and (e) with λ = 0.0001
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Image λ Computation time Iterations MSSIM

4.6(b) - - - 0.5973
4.6(c) 0.001 727.2s 340 0.7953
4.6(d) 0.0005 1107.3s 481 0.7699
4.6(e) 0.0001 1588.7s 1560 0.7028

Table 4.3: The performance of the different image restorations.

As can be seen in Fig.4.6, the value of λ has a great impact on how strong
the noise suppression should be. The contrast level is enhanced for a lower value
of λ and in the Fig. 4.6(e) we can clearly distinguish the holes that exists in
the raster, even if they are not visible in the blurred version. The drawback is
the overall noise level that destroys image features such as the cropped bars.
One has to decide whether to have sharp image features restored at a cost of
increased noise or a blurred version with less noise, as illustrated in Fig 3.1.

4.4.2 Adaptive neural network

The results from the adaptive restoration approach are presented together with
a comparison with the previously shown modified Hopfield network. Fig.4.7
shows the adaptive deblurred results, where Fig.4.7(b) corresponds to a deblur-
ring without the stop criteria and Fig.4.7(c) with. Table 4.4 has the resulting
computational data and MSSIM value.
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(a) (b)

(c)

Figure 4.7: (a) Deblurred using algorithm proposed by Guan et al. [16], with
λ = 0.0001. (b) Adaptive approach presented by Perry et al. [20] without the stop
criteria and (c) adaptive deblurring with stop criteria.

Image Computation time Iterations MSSIM

4.7(a) 1588.7s 741 0.7028
4.7(b) 1527.7s 982 0.757
4.7(c) 795.8s 405 0.7558

Table 4.4: The performance between adaptive and non-adaptive.

The difference between the adaptive and non-adaptive can be noticed when
examining homogeneous regions such as the bars outside the beamer (top left
and right corners). In Fig. 4.7(a) we can see that these regions are dominated
by noise which has been greatly reduced in the adaptive approach, see Fig.
4.7(c). Furthermore the visual quality has been enhanced which is confirmed by
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the MSSIM value in Table 4.4. The stop criterion has proved to be useful, the
computation time has decreased with 48% and the number of iterations reduced
to 405 compared to without the stop criteria. The difference in MSSIM value is
almost insignificant.

The restoration time of the adaptive neural network algorithm is illustrated
in Fig. 4.8 where the time is on the vertical axis and image size on the horizontal.
We can see that the computational time increases exponentially. The reason for
this is the BTTB matrix that grows extremely fast when the image size is
increased.

Figure 4.8: The restoration time for different image sizes when using the adaptive
neural network with stopping criteria.

4.5 Progressive inter- and intra scale

Due to difficulties when implementing this algorithm only a part of it will be
shown. The main problems were the image scales and detail layers, i.e. the inter
scale and intra scale, respectively. When these were applied as weights in the
Joint Bilateral Richardson Lucy, they did not behave as described in the paper
by Yuan et al. [22] and only resulted in poor deblurring result. Consequently
only one part of this algorithm has been used, namely the bilateral Richardson
Lucy. In the bilateral Richardson Lucy deconvolution, λ was set to decrease after
a number of iterations as proposed by Tai et al. [26]. The result is shown in
Fig.4.9 where the standard Richardson Lucy is included for comparison. Table
4.5 summarizes the results and parameters used in the deblurring.
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(a) (b)

Figure 4.9: (a) Heavily deblurred Richardson Lucy. (b) Bilateral filtering applied
to the Richardson Lucy with gradually decreasing λ.

Image Time Iterations MSSIM

4.9(a) 0.411s 60 0.6533
4.9(b) 154.04s 400 0.6928

Table 4.5: The performance between standard Richardson Lucy and bilateral
Richardson Lucy.

The deblurred bilateral Richardson Lucy image has a higher MSSIM value
and a appears smoother than the standard Richardson Lucy. The long deblur-
ring time and the high number of iterations are explained by the fact that the
standard Richardson Lucy uses an acceleration technique whereas the imple-
mented bilateral uses convolution. A side effect of this is the stronger boundary
artifacts that are present in the bilateral version.

Another major problem with this algorithm is that the λ needs to be small in
order to restore high frequency details, consequently the weights (∇EB) applied
in Eq.(3.28) will have smaller impact on the actual restoration. This is why we
have similar deblurring results as the standard RL.

4.6 Total variation deconvolution

This section will present the results from deblurring using the ADM approach
proposed by Tao et al. [29]. The parameters chosen for the deblurring process
were as listed in Table 4.6.

The matrix κ was initiated to be a null matrix. We perform the deblurring
on the same set of images as earlier methods to be able to compare the results.
The parameter µ should be set to be proportional to the variance of the noise.
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Parameter Value

β 10
γ 1.618
ǫ 10−4

Table 4.6: The parameters used for deblurring using the ADM approach.

However since this is unknown, different values for µ will be assigned as in the
case with the regularization parameter λ used in neural networks. The results
for the raster and beamer image with different µ is presented in Fig.4.10 and
the corresponding MSSIM values and time can be seen in Table 4.7.
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(a) (b)

(c) (d)

(e) (f)

Figure 4.10: Results from the ADM total variation algorithm. (a) Reference image.
(b) Defocused by focus shift -0.2. (c) Restored using µ = 50000, (d) restored using
µ = 25000, (e) restored using µ = 12500 and (f) restored using µ = 6000.
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Image Time Iterations MSSIM

4.10(b) - - 0.7177
4.10(c) 0.572s 33 0.6290
4.10(d) 0.543s 34 0.6916
4.10(e) 0.532s 40 0.7383
4.10(f) 0.623s 50 0.7780

Table 4.7: The performance for the ADM given in time, iterations and MSSIM
value.

The computational time for the ADM total variation approach is very fast
and is completed in a fraction of the time compared to neural networks. All
the restorations were completed under 1 sec. If we examine the obtained results
we can see that a high µ corresponds to more details and noise enhancements.
According to the MSSIM values given in Table 4.7, Fig.4.10(f) produced the
best result. In this deblurred result we can clearly see the holes of the raster,
however the bars (top right corner) seem to be unnatural, too sharp contrast
and cartoonish, i.e. few strong colors that represents the image.

From these results we can deduce that it is a powerful algorithm, fast and
accurate. The downside is the boundary artifacts that are created and visible
in all images. This is due to the assumption that the image is interpreted as an
periodic repeated signal, i.e. one end is assumed to continue at the beginning.
The reason for this assumption is necessary for the mathematical optimization
that is fundamental for this fast algorithm.

4.6.1 The modified ADM DCT approach

This subsection will present the result from the DCT approach of the earlier
shown ADM total variation deconvolution. The µ constant is also used in this
approach and has the same properties as before, high value gives high details
and noise while a lower gives details and noise reduction. An ADM deblurred
image with µ = 12500 is compared with the corresponding DCT approach in
Fig. 4.11. The resulting values for the deblurring can be seen in Table 4.8.
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(a) (b)

(c) (d)

Figure 4.11: Results from the ADM compared with the modified ADM DCT ap-
proach. (a) Reference image. (b) Defocused by focus shift -0.2. (c) Restored using
µ = 12500. (d) Restored using DCT approach with µ = 25000.

Image Computation time Iterations MSSIM

4.11(c) 1.069s 40 0.7383
4.11(d) 0.735s 14 0.7952

Table 4.8: The performance for the ADM deblurred with µ = 12500 and modified
ADM DCT with µ = 25000.

This presented approach has almost the same strengths as the ADM, fast,
powerful and accurate while the downside with boundary artifacts is completely
removed. There may be some numerical errors that do not give the exact same
properties as the original ADM. Note that the holes in Fig. 4.11(d) is not as
sharp as the ones in Fig. 4.11(c) even when the value of µ is doubled. The
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MSSIM value is higher due to the removal of boundary artifacts. We have an
increase in computational time and number of iterations, but it is still performed
within seconds.

4.7 Summary

In this section, the limitations of each of the presented algorithms will be tested
by changing the best-focus distance. The longer best-focus distance we choose,
the further away we have to move the camera in order to create a defocus
corresponding to our lens movements. An example of this is the test image
used in the results section, where a lens movement of -0.2mm at a best-focus
distance of 1.5m corresponds to 42.1cm. If we increase the best-focus distance
to 2m then a lens movement of -0.2mm is created by moving the camera 82.8cm
backwards denotes as (-82.8cm).

Here we will present three different cases, where the best focus distance is
set to 1.5m, 2.0m and 2.5m. From these distances, artificial blur is created by
moving the camera distance corresponding to a lens movement from -0.3mm to
+0.3mm.

The results from a best-focus distance of 1.5m is given by Fig.4.12. Here we
can note that small lens shifts does not gain much from a deblurring algorithm.
The defocused image for the distance -73.4cm is almost completely destroyed
by defocus where we are not able to discern the raster holes anymore. However
many of the deblurring algorithms are able to restore the holes and bars of the
raster but together with severe artifacts.
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Figure 4.12: The different results for blurred focus shift from -0.3 to +0.3 at a
best-focus distance of 1.5m

The summarized results for best-focus distance 2.0m and best-focus distance
2.5m are listed in Fig. 4.13 respectively Fig. 4.14.
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Figure 4.13: The different results for a blurred image with focus shift from -0.3 to
+0.3, translated into distance (cm). Image taken at a best-focus distance of 2.0m.
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Figure 4.14: The different results for a blurred image with focus shift from -0.3 to
+0.3, translated into distance (cm). Image taken at a best-focus distance of 2.5m.

In general we can see from these figures that ADM and modified ADM with
DCT approach gives the highest MSSIM values. As discussed in section 4.6.1 the
numerical errors affect the performance of the modified DCT and thus resulting
in lower MSSIM than its predecessor for best-focus distances 2.0m and 2.5m.
The same trend here as in best-focus distance 1.5m, the results from small lens
shifts (±0.1mm) do not increase the MSSIM value. However the algorithms are
able to restore some focus that has been lost. Defocused images created by lens
shift -0.3mm are more difficult to restore since the defocus movement required
is sometimes longer than the actual best-focus distance.

The low MSSIM values for adaptive neural network can be explained by the
weights assigned. As for the results given in Fig. 4.14, the parameters were
chosen too heavily and thus producing very sharp images at the cost of MSSIM
value and noise enhancements.

All the resulting deblurred images and their MSSIM values, computation
time and parameters used can be found in Appendix A.
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Chapter 5

Conclusions

Degraded images due to out-of-focus are a problem in image acquisition. In
contrast to its sibling motion-blur which can also be described by a PSF, out-
of-focus restoration is a much more complex task. This is because of the out-
of-focus PSF that can be interpreted as a low pass filter. The high frequency
components of an out-of-focus image are attenuated and in the worst case sce-
nario, completely destroyed.

In image restoration there exist several methods that can be applied to a
defocused image in order to restore it. In this thesis we have evaluated a few of
them for IR image deblurring. The most important parameters for deblurring
are the PSF, which describes the blur kernel, and a noise approximation. These
two parameters basically control the performance of the deblurring.

The MSSIM performance measure proposed by Wang et al. [19] has some
drawbacks shared by the other measures, however it provides a better approxi-
mation of the overall quality. A summary of the resulting MSSIM values for the
raster image with -0.2 focus shift are plotted in Fig 5.1 for each of the deblur-
ring algorithms in this thesis. The bars illustrate the MSSIM value while the
line diagram denotes the computation time. A high MSSIM value implies good
image quality, where 1 is the maximum and corresponds to an exact copy of the
reference image. From the standard MATLAB built-in algorithms, the heavily
deblurred results were chosen due to the high frequency restoration that we
required. The MSSIM value is depicted on the left vertical axis, the deblurring
time in logarithmic scale on the right vertical axis and the algorithms on the
horizontal.
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Figure 5.1: Results from each of the deblurring algorithms in this thesis at best-
focus distance 1.5m and focus shift -0.2. Left axis corresponds to the performance
measure MSSIM and right gives the logarithmic time in seconds.

We can see from Fig. 5.1 that the ADM modified with the DCT approach
provides the highest MSSIM value and best visual quality for the distance 1.5m
at focus shift -0.2. The adaptive neural network also results in high MSSIM and
good visual quality since neither of them produces any boundary artifacts.

The parameters have been chosen to restore the holes in the raster as good as
possible. This does not correspond to a high MSSIM value, since a less deblurred
image often gives a higher value than an image with good details due to the
noise enhancements. One has to choose between high frequency details such
as the holes with noise enhancements, contingent boundary artifacts and lower
MSSIM value, and overall smoothness with low noise, no boundary artifacts and
high MSSIM.

The following tables will list each of the algorithm’s pros and cons, where the
first four are the standard MATLAB built-in algorithms. The evaluation has
been performed based on the following four criteria: usability, implementation
complexity, deblurring speed and deblurring quality. The latter criterion will
include noise levels, image artifacts and overall visual quality.
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Wiener Deconvolution - Standard

Criteria Comment

Usability: User has to provide the two power spectrums
or a ratio K.

Complexity: Easy theory and implementation.
Speed: Fastest among the evaluated algorithms.
Quality: Good, noise enhancement and periodic bound-

ary artifacts when high detailed features are
restored.

Regularization filter - Standard

Criteria Comment

Usability: User has to tune one parameter, λ for regular-
ization.

Complexity: Easy theory and implementation.
Speed: Fast
Quality: Good, noise enhancement and periodic bound-

ary artifacts when high detailed features are
restored, corresponding to a low λ value.

Richardson Lucy Deconvolution - Standard

Criteria Comment

Usability: User has to provide one parameter, the num-
ber of iterations.

Complexity: Easy to implement. The acceleration tech-
nique used by MATLAB requires more effort.

Speed: Decent, depends on the number of iterations.
Quality: Good to poor. In theory Richardson Lucy con-

verges to a solution, in practice the image gets
destroyed by boundary artifacts if too many
iterations are used. Noise enhancement.
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Blind Deconvolution - Standard

Criteria Comment

Usability: Easiest, no parameters nor PSF needs to be
provided.

Complexity: Medium, requires an estimate for image and
PSF, basically a double Richardson Lucy.

Speed: Decent, depends on the number of iterations.
Quality: Poor. Often fails to approximate the PSF and

thus a bad deblurring quality.

Adaptive Neural Network

Criteria Comment

Usability: Easy, no parameters need to be provided, how-
ever the weights may have to be tuned for each
image.

Complexity: The algorithm operates in spatial domain
which lacks intuitiveness and requires matrix
theory. Complex implementation.

Speed: Extremely slow, however optimizations exists
to reduce deblurring time.

Quality: Creates sharp images with noise reduction. No
boundary artifacts.

Progressive inter- and intra scale deconvolution

Criteria Comment

Usability: Many parameters for the user to tune.
Complexity: Understandable theory but complex imple-

mentation due to many subparts.
Speed: Slow due to many image scales and detail en-

hancing operations.
Quality: With only the bilateral RL the quality

(MSSIM) is slightly better than original RL.
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ADM - Total Variation Deconvolution

Criteria Comment

Usability: The user needs to provide only the µ regular-
ization parameter.

Complexity: Complex theory but easy implementation due
well written report with good instructions.

Speed: Depends on number of iterations required, but
in general fast.

Quality: Creates sharp images with regularized and
powerful noise reduction at the cost of unnat-
ural images, see Fig. 4.10(f) and the discus-
sion in same section. Boundary artifacts may
occur since image is assumed to be periodic.

ADM with DCT - Total Variation Deconvolution

Criteria Comment

Usability: The user needs to provide only the µ regular-
ization parameter.

Complexity: Complex theory, complex implementation
since this approach was based on a mail con-
versation with Junfeng Yang [29].

Speed: Depends on number of iterations required, but
in general fast.

Quality: Creates sharp images with regularization and
noise reduction. No boundary artifacts. Not
exactly the same properties as ADM due to
possible numerical errors.

From these tables and the figures in section 4.7 we can conclude that each
of these algorithms has its own pros and cons. The recommendation for de-
blurring algorithm is the ADM total variation deconvolution, alternatively the
modified ADM DCT approach. Using the paper written by Tao et al. [29], these
are complex in theory but easier to implement. The restored IR images from
these algorithms are in general better, both MSSIM value and visual quality are
higher. When considering the distance 1.5m the DCT approach provides better
results however at 2m and 2.5m the results are not as good as the original ADM.
This can be due to numerical errors in the algorithm when applying the DCT,
which Junfeng Yang, a co writer of [29] warned about in our mail conversation.

The limit of what these algorithms can handle is around focus shift -0.3. At
best-focus distance 1.5m, the algorithms are able to restore the details (holes).
However at a best-focus distance of 2.5m, the defocus was created by moving
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the camera 3m backwards which heavily attenuated the image signals and thus
producing a poor deblurring result.

One has to note that these restorations are performed when the PSF is
known for each focus shift and the defocus is created in a controlled environment
corresponding to the desired focus shift. In real world cases, the real focus
shift is unknown since no lens or distance data is available. The PSF can be
approximated with different methods, such as the blind deconvolution described
in Section 3.5. These techniques are however unable to approximate a PSF that
is as useful as a theoretical. If we compare to scientific papers within this area,
they tend to use images that are defocused using gaussian approximation and
additive noise. This approach often results in a better deblurring since the exact
PSF was used for defocusing and deblurring.

5.1 Future work

The main proposal for future work is how to handle and obtain the PSF in an
effective way when working on the field. The camera distance can be given by a
laser, however to calculate the corresponding best-focus distance is a much more
complex task. A non-practical way to identify the blur is to place a illuminated
slit with opaque background together with the object to be depicted. When
defocus occurs this slit will be blurred and consequently we can use the cross
section of this defocused slit to identify our blur, see Fig. 5.2 for an example,
where the image and a cross section is depicted. Other options include blind
deconvolution algorithms or by user inputs. One solution to user input would
be a software tool where you have sliders to allow the user to estimate the
blur distance and thus see the results immediately while sliding. However these
cannot be as good as an exact measurement.

Figure 5.2: Left: Illuminated slit at best focus and its cross section, measured in
pixel values, right: the defocused counterpart and its cross section.

Another area of future work is to include more known parameters of the
camera to the deblurring algorithms. The more we know, the better deblurring,
however this would require some modifications and extensions to the current
algorithms. If the noise model was known it would probably lead to the best
performance enhancement for the deblurring algorithms. This would also com-
pletely remove user inputs, except the PSF, for many algorithms where the user
has to approximate the noise.
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Another interesting parameter is the PSF. The lenses used in the infrared
cameras have a curved focus plane. This however has not been taken into
account in this thesis since the defocused images are cropped to a small fraction
of the original size. If one would like to include this in the deblurring algorithm, a
spatial technique such as the neural network is to be preferred. From here it is an
easy approach. Divide the image into several subimages, calculate the distance
from the center point to each subimage center and apply the corresponding PSF
when deblurring.

To handle the occurrences of spurious resolution would be interesting to look
into. Since the occurrence of this phenomenon depends on both the blur kernel
(PSF) that changes with every new distance, and the scene environment, this
problem is not a trivial task to solve. The main reason for this is that one would
require the original image or periodic patterns to be able to discover that this
has occurred. In this thesis the MTF has been used for negative lens movements
(-) and OTF for positive (+) since spurious resolution only has occurred on the
positive lens movements. The brute force approach to solve this problem is to
restore images with both a MTF and an OTF and let the user decide which
image that was most successful.
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Appendix A

Deblurred results

A.1 Best-focus distance 1.5m

This section shows the deblurred images for the best-focus distance 1.5m, used
to summarize the graph (Fig. 4.12) in section 4.7. The results are grouped after
lens movement, from -0.3mm to +0.3mm. Each of the images is complemented
with a result table, containing the parameters used in deblurring, computation
time and MSSIM value.
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A.1.1 Lens shift -0.3mm (Distance shift -73.4cm)

(a) (b)

(c) (d)

(e) (f)

Figure A.1: Results from standard MATLAB built-in algorithms with lens move-
ment corresponding to -0.3mm. (a) Reference (b) Defocused (c) Wiener deconvolution
(d) Regularization filter (e) Richardson Lucy deconvolution (f) Blind deconvolution.

63



(a) (b)

(c) (d)

(e) (f)

Figure A.2: Results from the implemented algorithms with lens movement corre-
sponding to -0.3mm. (a) Reference (b) Defocused (c) Adaptive neural networks (d)
ADM (e) modified ADM with DCT approach (f) Bilateral Richardson Lucy deconvo-
lution.
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Algorithm Parameter Computation time MSSIM

Defocused - - 0.5004
Wiener deconvolution K=0.001 0.041s 0.5267
Regularization filter λ=0.0001 0.07s 0.5176
Richardson Lucy iterations = 50 0.355s 0.5371
Blind deconvolution iterations = 15 0.321s 0.3147
Adaptive neural network - 463.165s 0.6586
ADM µ=7500 0.703s 0.6637
Modified ADM with DCT µ=20000 0.655s 0.6460
Bilateral RL iterations = 200 75.593s 0.4427

Table A.1: The performance and parameters for the deblurred results when defo-
cused at -0.3mm.
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A.1.2 Lens shift -0.2mm (Distance shift -42.1cm)

(a) (b)

(c) (d)

(e) (f)

Figure A.3: Results from standard MATLAB built-in algorithms with lens move-
ment corresponding to -0.2mm. (a) Reference (b) Defocused (c) Wiener deconvolution
(d) Regularization filter (e) Richardson Lucy deconvolution (f) Blind deconvolution.
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(a) (b)

(c) (d)

(e) (f)

Figure A.4: Results from the implemented algorithms with lens movement corre-
sponding to -0.2mm. (a) Reference (b) Defocused (c) Adaptive neural networks (d)
ADM (e) modified ADM with DCT approach (f) Bilateral Richardson Lucy deconvo-
lution.
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Algorithm Parameter Computation time MSSIM

Defocused - - 0.7177
Wiener deconvolution K=0.001 0.041s 0.7176
Regularization filter λ=0.0001 0.066s 0.6607
Richardson Lucy iterations = 60 0.411s 0.6533
Blind deconvolution iterations = 5 0.168s 0.5352
Adaptive neural network - 795.803s 0.7558
ADM µ=12500 1.07s 0.7383
Modified ADM with DCT µ=25000 0.735s 0.7952
Bilateral RL iterations = 400 154.041s 0.6928

Table A.2: The performance and parameters for the deblurred results when defo-
cused at -0.2mm.
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A.1.3 Lens shift -0.1mm (Distance shift -18.4cm)

(a) (b)

(c) (d)

(e) (f)

Figure A.5: Results from standard MATLAB built-in algorithms with lens move-
ment corresponding to -0.1mm. (a) Reference (b) Defocused (c) Wiener deconvolution
(d) Regularization filter (e) Richardson Lucy deconvolution (f) Blind deconvolution.

69



(a) (b)

(c) (d)

(e) (f)

Figure A.6: Results from the implemented algorithms with lens movement corre-
sponding to -0.1mm. (a) Reference (b) Defocused (c) Adaptive neural networks (d)
ADM (e) modified ADM with DCT approach (f) Bilateral Richardson Lucy deconvo-
lution.
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Algorithm Parameter Computation time MSSIM

Defocused - - 0.9438
Wiener deconvolution K=0.01 0.038s 0.9400
Regularization filter λ=0.0005 0.073s 0.9356
Richardson Lucy iterations = 10 0.132s 0.9605
Blind deconvolution iterations = 5 0.172s 0.7784
Adaptive neural network - 251.043s 0.9239
ADM µ=250 1.082s 0.9622
Modified ADM with DCT µ=2000 1.215s 0.9745
Bilateral RL iterations = 40 15.079s 0.9544

Table A.3: The performance and parameters for the deblurred results when defo-
cused at -0.1mm.
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A.1.4 Lens shift +0.1mm (Distance shift +14.8cm)

(a) (b)

(c) (d)

(e) (f)

Figure A.7: Results from standard MATLAB built-in algorithms with lens move-
ment corresponding to +0.1mm. (a) Reference (b) Defocused (c) Wiener deconvolution
(d) Regularization filter (e) Richardson Lucy deconvolution (f) Blind deconvolution.
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(a) (b)

(c) (d)

(e) (f)

Figure A.8: Results from the implemented algorithms with lens movement corre-
sponding to +0.1mm. (a) Reference (b) Defocused (c) Adaptive neural networks (d)
ADM (e) modified ADM with DCT approach (f) Bilateral Richardson Lucy deconvo-
lution.
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Algorithm Parameter Computation time MSSIM

Defocused - - 0.8820
Wiener deconvolution K=0.01 0.044s 0.8660
Regularization filter λ=0.005 0.073s 0.8752
Richardson Lucy iterations = 8 0.148s 0.7901
Blind deconvolution iterations = 4 0.112s 0.5400
Adaptive neural network - 318.022s 0.7703
ADM µ=300 1.176s 0.8625
Modified ADM with DCT µ=6000 1.156s 0.8776
Bilateral RL iterations = 50 19.754s 0.8608

Table A.4: The performance and parameters for the deblurred results when defo-
cused at +0.1mm.
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A.1.5 Lens shift +0.2mm (Distance shift +26.9cm)

(a) (b)

(c) (d)

(e) (f)

Figure A.9: Results from standard MATLAB built-in algorithms with lens move-
ment corresponding to +0.2mm. (a) Reference (b) Defocused (c) Wiener deconvolution
(d) Regularization filter (e) Richardson Lucy deconvolution (f) Blind deconvolution.
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(a) (b)

(c) (d)

(e) (f)

Figure A.10: Results from the implemented algorithms with lens movement corre-
sponding to +0.2mm. (a) Reference (b) Defocused (c) Adaptive neural networks (d)
ADM (e) modified ADM with DCT approach (f) Bilateral Richardson Lucy deconvo-
lution.
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Algorithm Parameter Computation time MSSIM

Defocused - - 0.5236
Wiener deconvolution K=0.01 0.045s 0.7585
Regularization filter λ=0.005 0.071s 0.6925
Richardson Lucy iterations = 10 0.146s 0.7940
Blind deconvolution iterations = 4 0.105s 0.3577
Adaptive neural network - 560.02s 0.7857
ADM µ=200 1.195s 0.7626
Modified ADM with DCT µ=2000 1.438s 0.8070
Bilateral RL iterations = 50 19.303s 0.7701

Table A.5: The performance and parameters for the deblurred results when defo-
cused at +0.2mm.
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A.1.6 Lens shift +0.3mm (Distance shift +37cm)

(a) (b)

(c) (d)

(e) (f)

Figure A.11: Results from standard MATLAB built-in algorithms with lens move-
ment corresponding to +0.3mm. (a) Reference (b) Defocused (c) Wiener deconvolution
(d) Regularization filter (e) Richardson Lucy deconvolution (f) Blind deconvolution.
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(a) (b)

(c) (d)

(e) (f)

Figure A.12: Results from the implemented algorithms with lens movement corre-
sponding to +0.3mm. (a) Reference (b) Defocused (c) Adaptive neural networks (d)
ADM (e) modified ADM with DCT approach (f) Bilateral Richardson Lucy deconvo-
lution.
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Algorithm Parameter Computation time MSSIM

Defocused - - 0.7596
Wiener deconvolution K=0.05 0.046s 0.4430
Regularization filter λ=0.2 0.081s 0.4737
Richardson Lucy iterations = 7 0.130s 0.3789
Blind deconvolution iterations = 5 0.099s 0.4463
Adaptive neural network - 377.9s 0.4028
ADM µ=20 1.723s 0.4937
Modified ADM with DCT µ=30 1.134s 0.5424
Bilateral RL iterations = 15 5.836s 0.4281

Table A.6: The performance and parameters for the deblurred results when defo-
cused at +0.3mm.

A.2 Best-focus distance 2.0m

This section shows the deblurred images for the best-focus distance 2.0m, used
to summarize the graph (Fig. 4.13) in section 4.7. The results are grouped after
lens movement, from -0.3mm to +0.3mm. Each of the images is complemented
with a result table, containing the parameters used in deblurring, computation
time and MSSIM value.
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A.2.1 Lens shift -0.3mm (Distance shift -150.7cm)

(a) (b)

(c) (d)

(e) (f)

Figure A.13: Results from standard MATLAB built-in algorithms with lens move-
ment corresponding to -0.3mm. (a) Reference (b) Defocused (c) Wiener deconvolution
(d) Regularization filter (e) Richardson Lucy deconvolution (f) Blind deconvolution.
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(a) (b)

(c) (d)

(e) (f)

Figure A.14: Results from the implemented algorithms with lens movement corre-
sponding to -0.3mm. (a) Reference (b) Defocused (c) Adaptive neural networks (d)
ADM (e) modified ADM with DCT approach (f) Bilateral Richardson Lucy deconvo-
lution.
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Algorithm Parameter Computation time MSSIM

Defocused - - 0.2774
Wiener deconvolution K=0.01 0.058s 0.3230
Regularization filter λ=0.003 0.073s 0.4098
Richardson Lucy iterations = 25 0.221s 0.3448
Blind deconvolution iterations = 3 0.146s 0.2235
Adaptive neural network - 211.74s 0.1776
ADM µ=900 0.277s 0.3690
Modified ADM with DCT µ=2000 0.277s 0.4639
Bilateral RL iterations = 60 23.523s 0.3007

Table A.7: The performance and parameters for the deblurred results when defo-
cused at -0.3mm.
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A.2.2 Lens shift -0.2mm (Distance shift -82.8cm)

(a) (b)

(c) (d)

(e) (f)

Figure A.15: Results from standard MATLAB built-in algorithms with lens move-
ment corresponding to -0.2mm. (a) Reference (b) Defocused (c) Wiener deconvolution
(d) Regularization filter (e) Richardson Lucy deconvolution (f) Blind deconvolution.
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(a) (b)

(c) (d)

(e) (f)

Figure A.16: Results from the implemented algorithms with lens movement corre-
sponding to -0.2mm. (a) Reference (b) Defocused (c) Adaptive neural networks (d)
ADM (e) modified ADM with DCT approach (f) Bilateral Richardson Lucy deconvo-
lution.
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Algorithm Parameter Computation time MSSIM

Defocused - - 0.7527
Wiener deconvolution K=0.025 0.051s 0.7538
Regularization filter λ=0.025 0.069s 0.7376
Richardson Lucy iterations = 7 0.119s 0.7523
Blind deconvolution iterations = 10 0.261s 0.3242
Adaptive neural network - 198.01s 0.7345
ADM µ=20 1.282s 0.8487
Modified ADM with DCT µ=15 1.019s 0.7606
Bilateral RL iterations = 35 13.465s 0.7670

Table A.8: The performance and parameters for the deblurred results when defo-
cused at -0.2mm.
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A.2.3 Lens shift -0.1mm (Distance shift -34.3cm)

(a) (b)

(c) (d)

(e) (f)

Figure A.17: Results from standard MATLAB built-in algorithms with lens move-
ment corresponding to -0.1mm. (a) Reference (b) Defocused (c) Wiener deconvolution
(d) Regularization filter (e) Richardson Lucy deconvolution (f) Blind deconvolution.
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(a) (b)

(c) (d)

(e) (f)

Figure A.18: Results from the implemented algorithms with lens movement corre-
sponding to -0.1mm. (a) Reference (b) Defocused (c) Adaptive neural networks (d)
ADM (e) modified ADM with DCT approach (f) Bilateral Richardson Lucy deconvo-
lution.
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Algorithm Parameter Computation time MSSIM

Defocused - - 0.9162
Wiener deconvolution K=0.025 0.044s 0.8676
Regularization filter λ= 0.005 0.073s 0.9052
Richardson Lucy iterations = 5 0.111s 0.9184
Blind deconvolution iterations = 3 0.143s 0.8841
Adaptive neural network - 173.53s 0.9148
ADM µ=40 1.09s 0.9330
Modified ADM with DCT µ=300 1.023s 0.9343
Bilateral RL iterations = 10 4.054s 0.9125

Table A.9: The performance and parameters for the deblurred results when defo-
cused at -0.1mm.
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A.2.4 Lens shift +0.1mm (Distance shift +25.5cm)

(a) (b)

(c) (d)

(e) (f)

Figure A.19: Results from standard MATLAB built-in algorithms with lens move-
ment corresponding to +0.1mm. (a) Reference (b) Defocused (c) Wiener deconvolution
(d) Regularization filter (e) Richardson Lucy deconvolution (f) Blind deconvolution.
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(a) (b)

(c) (d)

(e) (f)

Figure A.20: Results from the implemented algorithms with lens movement corre-
sponding to +0.1mm. (a) Reference (b) Defocused (c) Adaptive neural networks (d)
ADM (e) modified ADM with DCT approach (f) Bilateral Richardson Lucy deconvo-
lution.
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Algorithm Parameter Computation time MSSIM

Defocused - - 0.7765
Wiener deconvolution K=0.02 0.046s 0.5829
Regularization filter λ= 0.001 0.081s 0.5532
Richardson Lucy iterations = 15 0.175s 0.6550
Blind deconvolution iterations = 10 0.280s 0.7923
Adaptive neural network - 177.95s 0.7920
ADM µ=15 1.269s 0.8465
Modified ADM with DCT µ=110 1.102s 0.7939
Bilateral RL iterations = 50 19.559s 0.7030

Table A.10: The performance and parameters for the deblurred results when defo-
cused at +0.1mm.
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A.2.5 Lens shift +0.2mm (Distance shift +45.2cm)

(a) (b)

(c) (d)

(e) (f)

Figure A.21: Results from standard MATLAB built-in algorithms with lens move-
ment corresponding to +0.2mm. (a) Reference (b) Defocused (c) Wiener deconvolution
(d) Regularization filter (e) Richardson Lucy deconvolution (f) Blind deconvolution.
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(a) (b)

(c) (d)

(e) (f)

Figure A.22: Results from the implemented algorithms with lens movement corre-
sponding to +0.2mm. (a) Reference (b) Defocused (c) Adaptive neural networks (d)
ADM (e) modified ADM with DCT approach (f) Bilateral Richardson Lucy deconvo-
lution.
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Algorithm Parameter Computation time MSSIM

Defocused - - 0.6944
Wiener deconvolution K=0.035 0.046s 0.5804
Regularization filter λ= 0.01 0.077s 0.5022
Richardson Lucy iterations = 9 0.139s 0.6573
Blind deconvolution iterations = 20 0.462s 0.6230
Adaptive neural network - 191.37s 0.7132
ADM µ=15 1.336s 0.8221
Modified ADM with DCT µ=120 1.369s 0.8019
Bilateral RL iterations = 15 5.945s 0.6838

Table A.11: The performance and parameters for the deblurred results when defo-
cused at +0.2mm.
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A.2.6 Lens shift +0.3mm (Distance shift +61cm)

(a) (b)

(c) (d)

(e) (f)

Figure A.23: Results from standard MATLAB built-in algorithms with lens move-
ment corresponding to +0.3mm. (a) Reference (b) Defocused (c) Wiener deconvolution
(d) Regularization filter (e) Richardson Lucy deconvolution (f) Blind deconvolution.

96



(a) (b)

(c) (d)

(e) (f)

Figure A.24: Results from the implemented algorithms with lens movement corre-
sponding to +0.3mm. (a) Reference (b) Defocused (c) Adaptive neural networks (d)
ADM (e) modified ADM with DCT approach (f) Bilateral Richardson Lucy deconvo-
lution.
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Algorithm Parameter Computation time MSSIM

Defocused - - 0.5374
Wiener deconvolution K=0.025 0.046s 0.5301
Regularization filter λ= 0.01 0.082s 0.4955
Richardson Lucy iterations = 10 0.145s 0.6356
Blind deconvolution iterations = 15 0.368s 0.5838
Adaptive neural network - 249.95s 0.5810
ADM µ=25 1.340s 0.7668
Modified ADM with DCT µ=10 1.09s 0.6423*
Bilateral RL iterations = 10 4.315s 0.6695

Table A.12: The performance and parameters for the deblurred results when defo-
cused at +0.3mm.

* algorithm was terminated after 2 iterations.

A.3 Best-focus distance 2.5m

This section shows the deblurred images for the best-focus distance 2.5m, used
to summarize the graph (Fig. 4.14) in section 4.7. The results are grouped after
lens movement, from -0.3mm to +0.3mm. Each of the images is complemented
with a result table, containing the parameters used in deblurring, computation
time and MSSIM value.

98



A.3.1 Lens shift -0.3mm (Distance shift -305.7cm)

(a) (b)

(c) (d)

(e) (f)

Figure A.25: Results from standard MATLAB built-in algorithms with lens move-
ment corresponding to -0.3mm. (a) Reference (b) Defocused (c) Wiener deconvolution
(d) Regularization filter (e) Richardson Lucy deconvolution (f) Blind deconvolution.
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(a) (b)

(c) (d)

(e) (f)

Figure A.26: Results from the implemented algorithms with lens movement corre-
sponding to -0.3mm. (a) Reference (b) Defocused (c) Adaptive neural networks (d)
ADM (e) modified ADM with DCT approach (f) Bilateral Richardson Lucy deconvo-
lution.
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Algorithm Parameter Computation time MSSIM

Defocused - - 0.1194
Wiener deconvolution K=0.0025 0.048s 0.1648
Regularization filter λ=0.0005 0.07s 0.1543
Richardson Lucy iterations = 20 0.205s 0.1196
Blind deconvolution iterations = 15 0.327s 0.0858
Adaptive neural network - 254.15s 0.0707
ADM µ=2500 0.989s 0.1245
Modified ADM with DCT µ=25000 0.602s 0.2110
Bilateral RL iterations = 250 89.13s 0.1136

Table A.13: The performance and parameters for the deblurred results when defo-
cused at -0.3mm.
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A.3.2 Lens shift -0.2mm (Distance shift -144.7cm)

(a) (b)

(c) (d)

(e) (f)

Figure A.27: Results from standard MATLAB built-in algorithms with lens move-
ment corresponding to -0.2mm. (a) Reference (b) Defocused (c) Wiener deconvolution
(d) Regularization filter (e) Richardson Lucy deconvolution (f) Blind deconvolution.
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(a) (b)

(c) (d)

(e) (f)

Figure A.28: Results from the implemented algorithms with lens movement corre-
sponding to -0.2mm. (a) Reference (b) Defocused (c) Adaptive neural networks (d)
ADM (e) modified ADM with DCT approach (f) Bilateral Richardson Lucy deconvo-
lution.
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Algorithm Parameter Computation time MSSIM

Defocused - - 0.3799
Wiener deconvolution K=0.005 0.045s 0.4801
Regularization filter λ=0.0005 0.072s 0.4618
Richardson Lucy iterations = 20 0.181s 0.4858
Blind deconvolution iterations = 3 0.141s 0.3249
Adaptive neural network - 423.33s 0.4732
ADM µ=160 0.698s 0.5464
Modified ADM with DCT µ=1600 0.661s 0.5184
Bilateral RL iterations = 45 15.75s 0.5617

Table A.14: The performance and parameters for the deblurred results when defo-
cused at -0.2mm.
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A.3.3 Lens shift -0.1mm (Distance shift -56.1cm)

(a) (b)

(c) (d)

(e) (f)

Figure A.29: Results from standard MATLAB built-in algorithms with lens move-
ment corresponding to -0.1mm. (a) Reference (b) Defocused (c) Wiener deconvolution
(d) Regularization filter (e) Richardson Lucy deconvolution (f) Blind deconvolution.
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(a) (b)

(c) (d)

(e) (f)

Figure A.30: Results from the implemented algorithms with lens movement corre-
sponding to -0.1mm. (a) Reference (b) Defocused (c) Adaptive neural networks (d)
ADM (e) modified ADM with DCT approach (f) Bilateral Richardson Lucy deconvo-
lution.
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Algorithm Parameter Computation time MSSIM

Defocused - - 0.8959
Wiener deconvolution K=0.15 0.041s 0.8787
Regularization filter λ=0.05 0.072s 0.8834
Richardson Lucy iterations = 2 0.089s 0.8879
Blind deconvolution iterations = 2 0.127s 0.7195
Adaptive neural network - 205.64s 0.6990
ADM µ=15 0.595s 0.8756
Modified ADM with DCT µ=150 0.663s 0.8911
Bilateral RL iterations = 5 1.85s 0.8796

Table A.15: The performance and parameters for the deblurred results when defo-
cused at -0.1mm.
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A.3.4 Lens shift +0.1mm (Distance shift +38.7cm)

(a) (b)

(c) (d)

(e) (f)

Figure A.31: Results from standard MATLAB built-in algorithms with lens move-
ment corresponding to +0.1mm. (a) Reference (b) Defocused (c) Wiener deconvolution
(d) Regularization filter (e) Richardson Lucy deconvolution (f) Blind deconvolution.
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(a) (b)

(c) (d)

(e) (f)

Figure A.32: Results from the implemented algorithms with lens movement corre-
sponding to +0.1mm. (a) Reference (b) Defocused (c) Adaptive neural networks (d)
ADM (e) modified ADM with DCT approach (f) Bilateral Richardson Lucy deconvo-
lution.
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Algorithm Parameter Computation time MSSIM

Defocused - - 0.7882
Wiener deconvolution K=0.05 0.046s 0.6319
Regularization filter λ=0.005 0.071s 0.6558
Richardson Lucy iterations = 10 0.145s 0.6932
Blind deconvolution iterations = 10 0.276s 0.6414
Adaptive neural network - 314.8s 0.5263
ADM µ=75 0.664s 0.7147
Modified ADM with DCT µ=1500 0.673s 0.6919
Bilateral RL iterations = 30 10.68s 0.6899

Table A.16: The performance and parameters for the deblurred results when defo-
cused at +0.1mm.
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A.3.5 Lens shift +0.2mm (Distance shift +67.0cm)

(a) (b)

(c) (d)

(e) (f)

Figure A.33: Results from standard MATLAB built-in algorithms with lens move-
ment corresponding to +0.2mm. (a) Reference (b) Defocused (c) Wiener deconvolution
(d) Regularization filter (e) Richardson Lucy deconvolution (f) Blind deconvolution.
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(a) (b)

(c) (d)

(e) (f)

Figure A.34: Results from the implemented algorithms with lens movement corre-
sponding to +0.2mm. (a) Reference (b) Defocused (c) Adaptive neural networks (d)
ADM (e) modified ADM with DCT approach (f) Bilateral Richardson Lucy deconvo-
lution.
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Algorithm Parameter Computation time MSSIM

Defocused - - 0.6546
Wiener deconvolution K=0.05 0.048s 0.6627
Regularization filter λ=0.015 0.067s 0.6109
Richardson Lucy iterations = 9 0.118s 0.6780
Blind deconvolution iterations = 10 0.252s 0.5742
Adaptive neural network - 519.12s 0.4554
ADM µ=45 0.724s 0.7936
Modified ADM with DCT µ=400 0.763s 0.7914
Bilateral RL iterations = 20 7.03s 0.6498

Table A.17: The performance and parameters for the deblurred results when defo-
cused at +0.2mm.
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A.3.6 Lens shift +0.3mm (Distance shift +88.6cm)

(a) (b)

(c) (d)

(e) (f)

Figure A.35: Results from standard MATLAB built-in algorithms with lens move-
ment corresponding to +0.3mm. (a) Reference (b) Defocused (c) Wiener deconvolution
(d) Regularization filter (e) Richardson Lucy deconvolution (f) Blind deconvolution.
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(a) (b)

(c) (d)

(e) (f)

Figure A.36: Results from the implemented algorithms with lens movement corre-
sponding to +0.3mm. (a) Reference (b) Defocused (c) Adaptive neural networks (d)
ADM (e) modified ADM with DCT approach (f) Bilateral Richardson Lucy deconvo-
lution.
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Algorithm Parameter Computation time MSSIM

Defocused - - 0.4783
Wiener deconvolution K=0.025 0.044s 0.5277
Regularization filter λ=0.05 0.074s 0.5025
Richardson Lucy iterations = 10 0.132s 0.6297
Blind deconvolution iterations = 15 0.325s 0.5164
Adaptive neural network - 488.03s 0.3746
ADM µ=50 0.775s 0.7119
Modified ADM with DCT µ=250 0.596s 0.6169*
Bilateral RL iterations = 20 7.09s 0.5464

Table A.18: The performance and parameters for the deblurred results when defo-
cused at +0.3mm.

* algorithm was terminated after 4 iterations.
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