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ABSTRACT OF THE DISSERTATION

Camera Shake Removal From One Single Image
by

Zhe Hu

Doctor of Philosophy in Electrical Engineering and Computer Science
University of California Merced, 2015

Professor Ming-Hsuan Yang, Chair

Image blur is one of the most fundamental and challenging problems in photography. It
causes significant image degradation, especially in the low light conditions where longer
exposure time is required. Although the blur effect can be reduced by setting a faster
shutter speed, it inevitably gains higher levels of noise. Moreover, most users may not
be able to take high-quality pictures due to hand shaking, dim lighting conditions and
inappropriate shutter speed selections. Therefore, it is important to develop algorithms to
remove image blur computationally.

To remove the image blur, we need to estimate the blur kernel, which depicts how
the image is blurred, and recover the sharp image. The image deblurring problem is an
ill-posed problem as many pairs of the sharp image and the blur kernel could result in a
same blurry image. To distinguish the correct pair from others, additional information is
required. We introduce a generic image prior and a specific blur motion prior in this thesis
to address this issue. Moreover, we explore the influence of image structures on estimating
blur kernels, and provide insights on the design of deblurring systems.

Blur kernel estimation turns out to be especially difficult in non-uniform cases, which
are the common situations in practice. The presence of camera rotations during exposure

would lead to non-uniform blur effect. Scene depth is another factor of non-uniform blur,

X1V



but is often neglected in recent methods. In this thesis, we introduce a unified framework
for joint restoration of scene depth and latent image from a single input. To solve the
complex model of non-uniform blur, we propose an efficient deblurring algorithm using
backprojection and constrained camera pose subspace to facilitate fast convergence and

low computation.
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Chapter 1
Introduction

This chapter introduces the problems addressed in this dissertation and the approaches

presented in my research work.

1.1 Overview

Motion blur is one of the most fundamental problems in computer vision. Motion
blur artifacts are generated from relative motion between a camera and a scene during
the exposure time. It causes significant image degradation, especially in the low light
conditions where long exposure time is required. Although the blur effect can be reduced
by setting a faster shutter speed, it inevitably gains higher levels of noise. Therefore, it is
important to develop algorithms to remove image blur effectively and efficiently.

There are mainly four sources that could result in blurring: camera shake, object mo-
tion, out-of-focus blur and spherical aberration. Camera shake happens during the expo-
sure time and blurs the recorded image according the camera’s movement. The modern
camera system adopts a mechanical image stabilizaiton hardware to compansate the move-
ment of the imaging devise. However, it is inevitable to have some blurs when taking pho-

tos in a dark scene or with a telephoto lens. This dissertation will focus on camera shake



removal with a single input image. The movement of objects in the scene is another source
of blur, and the motion of different objects would make it more complicated. Out-of-focus
blur happens when the lens has a shallow depth of field and the interest object is not in
focus. It is a useful technique in photography and can be synthesized with a given focus
setting. Spherical aberration, due to the spherical shape of the lens, would result in less
blur at the center of the image and more blur near the border. This can be resolved by
pre-calibrating the lens of the device.

Recovering the clear image from one single blurred image has been studied extensively
with a rich literature. Early work focuses on spatially invariant blur in which the blur is
uniform everywhere in the image. Typically, this blur process is modeled as a latent image

convolved with a spatially invariant blur kernel K (i.e., the point spread function):
B=K®I+n, (1.1)

where B, I and n represent the input blurry image, unblurred (or latent) image and noise
respectively. Within this formulation, ® denotes the convolution operator and the deblur-
ring problem is thus posed as a deconvolution problem. When the blur kernel K is assumed
to be known explicitly prior to the deconvolution procedure, this problem is known as the
classical linear image restoration problem and called non-blind deconvolution problem.
Existing techniques for non-blind deconvolution can be categorized as inverse filtering,
least-square filtering, recursive Kalman filtering and iterative methods. The Weiner filter
[62] and Richardson-Lucy algorithm [47, 44] are two widely used non-blind deconvolu-
tion methods due to their simplicity and efficiency. Nevertheless, these two methods often
introduce serious ringing effects. In most of the real-world cases, we do not know the exact
kernel for a blurred image, and the deblurring problem with unknown kernel is posited as
a blind-deconvolution problem. Blind deconvolution is a well-known ill-posed problem,
and deblurring methods within this formulation aim to recover images with missing high
frequency details. Since countless pairs of latent image and blur kernel can result in the

blurred image, prior knowledge or additional information are often required for effective



solutions. Priors depict the properties of natural images so that constraints can be used in
the optimization formulation to better recover the latent image. Along this research line, |

aim to address the two important issues listed below.

e What are good priors for the image deblurring problem?

e How can one determine good image structures for deblurring?

In the thesis, we present three methods related to these two problems. We provide a
preview of the proposed approaches in Section 1.2.

The model of spatially invariant blur is only sufficient if the camera shake is caused
by in-plane translation (i.e., within the sensor plane) without any out-of-plane rotations.
However, this assumption does not hold in general. Camera tilt and rotation happen fre-
quently and the image blur becomes non-uniform, i.e., the blurs at different pixel locations
is not the same. Moreover, object movement in the scene also leads to non-uniform blur
effect. Blur kernel estimation turns out to be especially difficult in the non-uniform case.
Early work addresses this problem by restricting the blur process to simple cases. Re-
cently, a geometric model has been proposed to model general non-uniform blur caused
by camera motion at the expense of high computational cost. Although progress has been

made, there still remain several problems for non-uniform blur.
e How do we model the spatially varying blur in a more general framework?
e How do we solve the complex model efficiently?

We briefly overview two of the proposed methods along this research line in Section 1.2.

1.2 Organization

The following chapters are organized as follows.
In Chapter 3, we propose an algorithm that enforces sparse constraints and exploits

the rich information contained in the blurred image. In our formulation, each image patch



is encoded with sparse coefficients using an over-complete dictionary. The sparsity con-
straints facilitate the latent image recovery without solving an ill-posed deconvolution
problem. In addition, the dictionary is learned and updated directly from the given blurry
image without using additional images. The proposed method iteratively utilizes sparsity
constraints to recover the latent image, estimate the deblur kernel, and update the dictio-
nary directly from a single image.

In Chapter 4, we make use of a special phenomenon, light streaks, that often appears in
low-light images to helping with image deblurring. We propose a new deblurring frame-
work to automatically detect light streaks using the spectrum of the blur kernel. The
detected light streaks are then posed as the constraints for kernel estimation, and are used
to regularize the deblurring process.

Other than image priors for generic cases, it is also worthwhile to pay attention to
the influence of image structures on estimating blur kernels. Instead of determining good
image structures from empirical understanding, a learning based method is proposed for
the task in Chapter 5. We first propose a metric that quantitatively measures the similarity
between kernels, which facilitates the process of labeling good estimated kernels. Then we
pose the learning problem within a conditional random field framework in order to exploit
contextual constraints among image regions.

Blur kernel estimation turns to be especially difficult in the non-uniform case. Re-
cently, a geometric model has been proposed to model general non-uniform blur caused
by camera motion at the expense of high computational cost. To alleviate the heavy com-
putational load, we propose a fast single image deblurring method to remove non-uniform
blur in Chapter 6. In this work, we initialize the camera motion using backprojection
from estimated local kernels at different image regions and estimate the motion weights
iteratively by constraining the possible camera poses in a low-dimensional subspace.

Depth is another important factor in non-uniform blurs. However, recent methods
often neglect it for simplicity. To address this problem, we propose a non-uniform image

deblurring framework to jointly estimate the scene depth and remove the camera shake



in Chapter 7. To this end, we present a unified layer-based model for depth-involved
deblurring. We provide a novel layer-based solution using matting to partition the layers

and an expectation-maximization scheme to solve this problem.



Chapter 2

Literature Review

In this chapter, we review the literature related to the research work in terms of the blur

models, spatially invariant models and spatially variant models.

2.1 Spatially Invariant Blur

The problem of removing spatially invariant blur has been studied extensively and
numerous algorithms have been proposed [18, 46, 38, 56, 40, 12, 63, 15, 16]. Since blind
deconvolution is an ill-posed problem, prior knowledge or additional information is often
required for effective solutions. In the image deblurring literature, two types of additional
information are often used: natural image priors and additional image observations.

One line of research focuses on exploring image priors for deblurring. In [18], the
heavy-tailed gradient distribution of natural images is exploited as prior information. A
mixture of Gaussians is used to fit the distribution of the gradient magnitudes of natural
images. A sparse gradient prior is also used to search for blur kernels in [38]. In [30] a
method is presented to exploit the underlying relation between motion blur and blurry ob-
ject boundaries, which is shown to facilitate better kernel estimation. In [49], a deblurring

algorithm is proposed in which prior knowledge regarding the gradients of natural images



is used with additional constraints on the consistence of local smooth regions before and
after blurring. The consistency constraints are shown to be effective in suppressing ringing
effects. A method that uses sparsity constraints for both the blur kernel and the latent im-
age in the wavelet domain is presented in [6]. In contrast to existing methods that exploit
the heavy-tailed gradient distribution of natural images, an image restoration algorithm
that applies adaptive priors based on texture contents is proposed in [15]. Experimental
results on denoising and deblurring show that adaptive priors are important for deblurring
results when patches at different image locations are manually selected.

Another line of research tackles image deblurring by leveraging auxiliary information
acquired at capture time [46, 69, 39, 9, 4, 55]. With both a low-resolution video camera
and a high-resolution still-image camera, an algorithm that utilizes both spatial and tem-
poral information is proposed [3] for effective image deblurring. On the other hand, noisy
images also provide useful information for image deblurring. When a pair of blurred and
noisy images of the same scene are available, it has been shown that the blur kernel can
be estimated using the sharp image structures in the noisy image [69]. Numerous studies
focus on exploiting additional information, e.g., priors and image sequences to facilitate
image deblurring. Considerably less attention has been paid to exploit image structure for
kernel estimation and deblurring.

Recent deblurring algorithms can be categorized into four groups: maximum a pos-
teriori (MAP), variational Bayesian, edge prediction, and power-spectrum methods. The
MAP based methods [49, 15, 35, 66] model the problem by maximizing the posterior
probability with respect to the latent image and the blur kernel. The priors of the la-
tent image and the blur kernel are then used as regularizations in the objective function.
Since multiple solutions exist for the objective function, the success of these methods
hinges on the choice of the regularizations. However, MAP based methods may gen-
erate trivial solutions (i.e., delta kernel functions) [40] even with the carefully designed
priors. The variational Bayesian based method [18, 40] approximates the posterior prob-

ability of the unobserved variables and computes the marginal likelihood. This approach



has been shown to be theoretically more robust than the MAP based methods [40]. The
edge prediction based methods [32, 12, 63] use explicit or implicit salient edge restoration
for kernel estimations, which have been demonstrated as useful tools for alleviating delta
kernel solutions with fast convergence. Despite demonstrated success [33], these meth-
ods rely largely on heuristic edge selections for kernel estimations. The power-spectrum
based algorithms [68, 19, 25] are developed based on the observation that the power spec-
tra of sharp natural images can be well modeled by statistical regularities. Thus, the power
spectrum of a blur kernel can be estimated from that of a blurry image. Phase retrieval
techniques are used to estimate the phase component of the power spectrum which re-
quires an image region containing a distribution of diverse edge orientations for kernel

estimation.

2.2 Spatially Variant Blur

Removing spatially variant blur is a challenging task in which patches are degraded
differently in an image. This problem is attracting more attention nowadays due to its
wide range of practical applications [2, 13, 50, 56, 31, 60, 21, 24, 57, 29]. Early work
splits an image into several regions where each is modeled with a constant PSF and re-
covered by a uniform deblur algorithm [2, 13]. However, these methods are sensitive to
region size which is required to be sufficiently small for the assumption of uniform PSFs
to be hold. Hybrid camera systems have also been used to capture a local blur kernel at
each pixel location based on optical flow [56, 31]. Information about camera motion has
also been obtained using inertial sensors such as gyroscopes and accelerometers, which
are integrated into many modern mobile devices. Sindelat and Sroubek [51] proposed a
deblurring system for smartphones that synthesizes local blur kernels based on gyroscope
readings. The system compares favorably to recent deblurring algorithms, but requires
user interaction due to the noisy data and the lack of synchronization between the camera

and gyroscope sensors. Joshi et al. [31] built an elaborate DSLR-based camera system



with a gyroscope and accelerometer to record camera motion. The inertial sensors are
assumed to have been calibrated and synchronized beforehand. Methods with additional
inputs are demonstrated to be effective for image deblurring, but such approaches are not
applicable to single image non-uniform deblurring.

Recently, a geometric model has been proposed to model the observed blurry image
as the integration of all the intermediate images captured by the camera along the motion
trajectory [60, 57]. These intermediate images are modeled as transformed copies (i.e., ho-
mographies) of the sharp image. Based on this model, image blur caused by camera motion
can be formulated as an optimization problem. It is also possible to remove spatially vary-
ing blur by estimating a general camera motion function. A similar model has been used
to model three degrees of camera motion (with in-plane translation and rotation) in [21].
To speed up the optimization step, fast patch-based non-uniform deblurring methods have
been developed [22, 24, 26]. In [33], a dataset for motion deblurring is constructed by
recording and playing back the camera shake with a robot system. The blurry images are
obtained by taking photos on sharp pictures which assume constant depth. Notwithstand-
ing the demonstrated success, the above-mentioned non-uniform deblurring methods do
not consider the effect of scene depth on camera motion blur or assume constant scene
depth for simplicity.

To exploit depth information in the blurry input, recent methods [13, 50, 8] partition
an image into foreground/background and remove the blur caused by object motion. A
coded aperture method has been proposed for deblurring and decoded images are used
to infer pixel-wise depth in a Markov random field [39]. Depth effects on translational
blur has also been discussed in [52] where the blur is estimated from the user specified
region with approximately constant depth to infer depth. In [64], two blurry images of
the same scene are used to infer depth with stereo techniques and further improve the blur
removal. Similarly, a non-uniform motion deblurring method has been proposed to exploit

bilayer-scene constraints from two blur observations [45].



Chapter 3

Single-Frame Deblurring with Adaptive

Dictionary Learning

3.1 Introduction

The main challenge in image deblurring stems from the under constrained formulation.
Countless clear image/blur kernel pairs could result in the same blurry image. Recent
algorithms focus on exploiting additional information, e.g., priors and image sequences to
distinguish the optimal solution from others. Gradient distribution priors of nature images
and a coarse-to-fine framework are utilized for kernel estimation in [18]. In [69], a method
that utilizes additional information from a pair of blurry and noisy images is proposed
to estimate the kernel. Recently, an algorithm that models the deblurred blur kernel and
image with sparsity constraints has demonstrated promising results [6]. Nevertheless, this
method does not exploit the information contained in the blurred image as generic bases
(i.e., curvelets and framelets) are used. Most of the priors introduced to this field model the
generic properties of natural images. However, the rich and specific information contained
in a blurred image is not exploited for deblurring.

In this chapter, we present an algorithm that enforces sparse constraints and exploits

10
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the rich information contained in the blurred image. In our formulation, each image patch
is encoded with sparse coefficients using an over-complete dictionary. The sparsity con-
straints facilitate recovery of the latent image without solving an ill-posed deconvolution
problem. In addition, the dictionary is learned and updated directly from one single frame
without using additional images. The proposed method iteratively utilizes sparsity con-
straints to recover the latent image, estimate the blur kernel, and update the dictionary

directly from one single frame.

3.2 Problem Formulation

It is well-known that natural images can be modeled well with sparse representations
over an over-complete dictionary. A signal (i.e., an image patch in this work) I can be
approximated by a sparse linear combination of atom signals in an over-complete dictio-
nary D € R™™, n,m € Z and n < m, or a set of overcomplete bases {d;}7., and a

coefficient vector v € R™, that satisfy:
min ||allp  subjectto I = Da, (3.1)

or

min [|a|lp  subjectto ||I — Dallz <, (3.2)

where [ is an image patch, which has the same dimension as the dictionary basis and
|| - || is the I norm. In other words, any signal can be described using a small number of
dictionary bases under the corresponding bases pool.

We pose image deblurring as a joint optimization problem that estimates the blur kernel

K and sparse coefficients o with regularization:
. . 2
min |3 K @ DA|3+ 1) 6(a), (3.3)

where each column of B is a raster scan vector of a block from the blurred image, and

each column of A is the sparse coefficient « for a block of the latent image (from (3.1)
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or (3.2)). In addition, ©(«) is the l; regularization term upon the sparse representation
coefficient « as it has been proved to be equivalent to the [, norm under certain conditions
[17]. In (3.3), there are three unknown variables: the kernel K, the coefficient vector «,
and the underlying dictionary D. Therefore, a direct approach to solve this optimization
problem is likely to suffer from slow convergence and local minimums. As the main goal
is to estimate the blur kernel, we propose an iterative method to alternately estimate the
unknown variables, one at a time, which divides the optimization problem into several
simple ones in each iteration. More importantly, the dictionary D is learned from the input
image during this optimization process. The proposed algorithm iteratively optimizes one
of K, D, « by fixing the other two, and finally obtains the deblurring kernel. With the
estimated kernel, we can apply any standard deconvolution algorithm to recover the latent

image.

3.2.1 Estimating Sparse Coefficients

At the beginning of each iteration, we fix K and D to estimate the coefficient « of each
image patch, the column of A
o™ =min [[b — (K™ @ D™)all3 + Aol

¢ . 3.4)
= min ||b — D(")aHg + A|all1,

where D™ is the blurred dictionary at iteration n. Here, we use b to represent a block of
the blurry image. At the first iteration, we need to initialize /{y, which will be discussed in
Section 3.3. As K and D are fixed at iteration n, there is only one unknown variable and

the optimization problem can be solved efficiently using basis pursuit algorithms [11].

3.2.2 Updating Dictionary

In this step, as the kernel K and coefficients « are fixed, we update the dictionary atoms

of the latent image based on the test image itself. However, the extracted information from
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the blurred image B cannot be directly applied to update the underlying dictionary of the
clear image. Before the update of dictionary D, we reconstruct an image block I by decon-
volving the blurred image with the estimated kernel & ™ using a non-blind deconvolution
algorithm, such as the Richardson-Lucy or Wiener deconvolution algorithms, and then use
I to update the dictionary D of latent image. Similar to the K-SVD algorithm [1], we
decompose the multiplication D« to the sum of rank-1 matrices and each time update a

basis d; of dictionary D:
d§n+l) — min ||f . D(n)a(n-l-l) ||2

— i f (n+1 (n+1
min | + g d a3
VES

= min | B — a5
T

(3.5)

where E™V = - %" i d§”)&§"“) is the residual matrix.

3.2.3 Recovering Latent Image and Estimating Blur Kernel

Similar to the ideas proposed in [43], we assume the sparse coefficients « of the latent
image I with basis {d;}, are the same as the ones of blurred image B relative to the

blurred basis {b;} = {K ® d;}",. Thus, we can reconstruct the latent image as
]’(n+1) — D(nJrl)a(nJrl). (36)

Next, we can write the convolution K ("t1) @ 1("*1) ag a matrix multiplication A - x (here =

n+1)

corresponds to K¢ and image blocks I correspond to the columns of A) and formulate

the kernel estimation problem as
min || B — Az||3. 3.7)

Moreover, we introduce additional regularization constraints in order to get a stable solu-

tion from Tikhonov regularization,

min || B — Az|)3 + ||[Tz||3, (3.8)
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where [' is the Tikhonov matrix. With Tikhonov regularization, the numerical solution,
denoted by 1z, is given by

= (ATA4+TTT) " ATB. (3.9)
Alternatively, we can use objective functions with a /; norm penalty [49] or framelet sys-

tem [6] , such as
min || B — Az|5 + ||z||1, (3.10)

to estimate /. As mentioned above, the final deblurred image can be recovered once the

blur kernel is estimated.

3.2.4 Algorithm Analysis

Our algorithm focuses mainly on estimating the blur kernel and then employing a
standard non-blind deconvolution algorithm to recover the latent image. The success of
our algorithm hinges on the effectiveness and accuracy of the kernel estimation. That is, if
the accuracy of the estimated kernel is improved at each iteration, the proposed algorithm
will finally find a reasonably good solution. This condition can be achieved under certain
situations. For the minimization problem (3.4), we have D= K. ® Dy, where K, and D;
represent the estimated kernel and dictionary for the latent image /, and K, = K, + E,
where K, is the real kernel and E is the kernel error. If this minimization problem is
solved precisely, B = (K, — F) ® D;a. Meanwhile, B = K, ® I, then

K.®l=(K,—F)® D«
(3.11)
:>Kr®(]—D]Oé) :E®D[CY,
Based on the assumption of the coefficients « stated above, if the dictionary D; for the

latent image is correctly estimated (D;« = I), then the error |

I—Dja|| will be decreased.
Although both sides of the above equation have convolution operations, from the definition
of convolution, we can still believe that the variation trend of ||E|, is being decreased.
That is, the estimate of the blur kernel is improved over each iteration and thus the latent

image can be recovered.
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3.3 Experimental Results

We implement our algorithm and carry out experiments in MATLAB. The initial kernel
K is set to be the Gaussian kernel with ¢ = 1, and A in (3.4) as well as I in (3.9) are set as
1 and the identity matrix /. We use gray-scale images for our experiments and crop a small
portion (e.g. 200 x 200 pixels) of the test image to estimate the kernel using the algorithm
listed in Section 3.2. We use the Richardson-Lucy deconvolution algorithm to reconstruct
I in Section 3.2.2. Each iteration of our algorithm takes approximately 5 minutes on a
windows PC with a 2.67 GHz CPU and 4 GB RAM.

We compare our method with two state-of-art algorithms [18, 49] which utilize prior
information on image edges. As shown in Figure 3.1 and Figure 3.2, although the de-
blurred images from [18, 49] have shaper edges, they also contain noise in smooth regions
such as walls and floors. In contrast, our algorithm is able to recover the deblurred images
effectively in smooth and textured regions (e.g., fluff of the koala, stripes of tablecloth and
kerchief) with less ringing effects. One possible explanation for these experimental results
is that the assumed prior distribution of edges used in [18, 49] does not hold well for these
images whereas our method exploits the information from the blurred image.

We also carry out experiments with images blurred by randomly generated kernel. The
existing deblurring algorithms are usually developed to deal with motion blur problems in
which the kernels are oriented and simple. However, camera shake is complex and cannot
be modeled with simple blur kernels. We evaluate our algorithms against others using
randomly generated kernels. Figure 3.3 and Figure 3.4 show that our algorithm is able
to recover the latent image with more detail and better contrast than [18] (which does not
capture image details) and [49] (which suffers more ringing effects with fewer details). We
also provide root-mean-square-error (RMSE) to demonstrate the quantitative comparison

among the recovered images by different algorithms.
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(a) Input image (b)Blurred image (c) Fergus (RMSE: 5.41)

(d) Shan (RMSE: 6.57) (e) Ours (RMSE: 5.10)

Figure 3.1: Experiments with motion blur kernel. (a): input image; (b): blurred image;
(c): recovered image using approach by Fergus et al. [18]; (d): recovered image using

approach by Shan et al. [49]; (e): recovered image by our algorithm.
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(d) Shan (RMSE: 7.02) (e) Ours (RMSE: 4.61)

Figure 3.2: Experiments with motion blur kernel. (a): input image; (b): blurred image;
(c): recovered image using approach by Fergus et al. [18]; (d): recovered image using

approach by Shan et al. [49]; (e): recovered image by our algorithm.
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(a) Input image (b)Blurred image (c) Fergus (RMSE: 7.87)

(d) Shan (RMSE: 7.46) (e) Ours (RMSE: 6.73)

Figure 3.3: Experiments with randomly generated kernel. (a): input image; (b): blurred
image; (c): recovered image using approach by Fergus et al. [18]; (d): recovered image

using approach by Shan et al. [49]; (e): recovered image by our algorithm.
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il #1

e - T
(c) Fergus (RMSE: 6.58)

Figure 3.4: Experiments with randomly generated kernel. (a): input image; (b): blurred
image; (c): recovered image using approach by Fergus et al. [18]; (d): recovered image

using approach by Shan et al. [49]; (e): recovered image by our algorithm.
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3.4 Conclusion

In this chapter, we proposed an effective deblurring algorithm with adaptive dictionary
learning using a single image. By decomposing the blind deconvolution problem into
three simple ones and learning a sparse dictionary from the image, our method is able to
estimate the blur kernel and thereby deblur an image. Experimental results show that our

algorithm achieves favorable performance against two state-of-the-art algorithms.



Chapter 4

Deblurring Low-light Images with Light
Streaks

4.1 Introduction

Taking good pictures in low-light conditions such as at night or in a dark room is
perhaps the most challenging task for non-professional photographers. Since a longer
exposure time is often required in these cases to produce a well-lit image, the captured
image using a handheld camera often ends up being blurry due to inevitable camera shake.
It is thus highly desirable to apply image deblurring techniques to recover a sharp image
from a blurry low-light image.

Although single image deblurring techniques have been advanced in recent years [18,
69, 49, 12, 40, 35, 7, 19, 66, 61], the state-of-the-art methods often have difficulties han-
dling low-light images. This is because the success of recent approaches hinges on salient
image features such as edges [12, 32, 27, 66] for blur kernel estimation. However in low-
light images, the amount of salient image features that can be extracted is often limited, as
shown in the examples in Figure 4.1. Furthermore, low-light images often have undergone

large in-camera non-linear tone mapping, which breaks the linear blur model that most
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approaches assume [54].

In this chapter, we examine a special phenomenon that often appears in low-light im-
ages to help image deblurring: light streaks. Light streaks are caused by blurred light
sources such as light bulbs, flash lights, reflected lights, etc., which are very common in
both natural (e.g., stars in the sky) and man-made scenes (e.g., street lights). Given that
these light sources are small, high-intensity objects in the scene, the light streaks they
create roughly depict the shapes of the underlying blur kernels. Intuitively, light streaks
contain rich blur information that could potentially help us achieve better deblurring re-
sults.

However, without proper treatment, the presence of light streaks can actually jeopar-
dize the performance of existing deblurring approaches and prevent them from estimating
a correct blur kernel. The reasons are twofold. Firstly, many blur kernel estimation meth-
ods extract and use salient edges for blur kernel estimation [12, 32, 63], but light streaks
often contain sharp, strong edges that may be mis-treated as structural edges by these al-
gorithms. Regarding blur kernel estimation, Harmeling et al. [23] and Whyte et al. [59]
discard saturated pixels and estimate the blur kernel using remaining pixels. Secondly,
light streaks often contain saturated pixels. As shown in [14], without proper handling
of saturated pixels, deconvolution of light streak pixels may result in severe ringing arti-
facts, causing problems for both blur kernel estimation and producing a high quality final
output. To suppress artifacts caused by saturated pixels in non-blind deconvolution, Cho
et al. [14] and Whyte et al. [59] explicitly model saturated pixels in their optimization
processes, which alternatingly detect saturated pixels and estimate the latent image using
non-saturated ones.

In this work, we propose a new deblurring framework that properly uses light streaks as
an additional cue for blur kernel estimation. We extend the widely-used linear blur model
by explicitly modeling point light sources and light streaks, resulting in a non-linear model
that more accurately describes the formation of low-light images that contain light streaks.

We then formulate a kernel estimation energy function that takes into account light streaks
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(a) Blurry image (b) Cho and Lee [12]

(c) Xu et al. [66] (d) Our method

Figure 4.1: Deblurring a low-light image. The amount of salient image features that can
be extracted from the low-light image is limited. This leads to the failure of the state-of-
the-art methods [12, 66] on the image. The proposed method (d) improves the results by
detecting and making use of the light streaks (the detected light streaks are shown in the
boxes of (a)).
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as well as other image structures. Our method also automatically detects “good” light
streaks that are useful for kernel estimation. After the blur kernel is estimated, the final
output image is obtained by a regularized Richardson-Lucy deconvolution with outlier

handling to suppress ringing artifacts.

4.2 Related Work and Context

The problem of removing spatially invariant blur has been studied extensively and
significant progress has been made towards this [18, 46, 38, 56, 40, 12, 63, 15, 16]. The

spatially invariant blur is usually formulated as a convolution process,
B=KxI+ N 4.1

where B, [ and K are a blurry image, a latent image and a blur kernel respectively, NV is
noise and * is a convolution operator. Removing blur caused by camera shake becomes
a blind deconvolution problem. Since blind deconvolution is an ill-posed problem, prior
knowledge is often required for effective solutions. Early work focuses on generic priors
obtained from the image statistics of natural images. In [18], the heavy-tailed gradient
distribution of natural images is exploited as a constraint for sharp images. A mixture of
Gaussians is used to fit the distribution of the gradient magnitudes of natural images. A
method that uses constraints on the gradients of the latent image is presented in [49], with
additional constraints on the consistence of local smooth regions before and after blurring.
In [6], a deblurring method is proposed to exploit sparsity constraints for both the blur
kernel and the latent image in the wavelet domain. In contrast to methods that adopt
fixed priors, recent methods explore adaptive priors to effectively fit the image content of
specific inputs. In [15], an image restoration algorithm is proposed to apply adaptive priors
based on texture contents. In [70], the adaptive sparse prior has been used in a multi-image
deblurring framework, where the coupled penalty is proved to handle the local minimum

problem well. The power-spectrum based algorithms [68, 19, 25] exploit the property
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that the power spectra of sharp natural images can be effectively modeled by statistical
regularities. Thus, the power spectrum of a blur kernel can be estimated from that of a
blurry image.

In this work, we explore a commonly existing phenomenon, light streaks, as specific
information for estimating blur kernels. There has been only limited work that considers
light streaks for image deblurring. The most related work to ours is an interactive deblur-
ring method proposed by Hua and Low [28], in which the user needs to manually select a
light streak region, and the system applies image processing operations to it for extracting
the kernel. Since no other image structures are used, the blur kernel generated from a
small cropped region may not be optimal for the entire image, especially for non-uniform
blur cases. In contrast, our method not only automatically detects useful light streaks, but
also incorporates them into a more principled optimization process for estimating more
accurate blur kernels.

The spatially invariant blur cases assume that the camera shake only contains trans-
lational motion, which does not hold in practice. The real blurry images undergo spa-
tially variant blur in which patches are degraded differently in an image. This prob-
lem is attracting more attention nowadays due to its wide range of practical applica-
tions [2, 13, 50, 56, 31, 60, 21, 24, 57]. In [60, 57], geometric models have been proposed
to model the observed blurry image as the integration of all the intermediate images cap-
tured by the camera along the motion trajectory. These intermediate images are modeled
as the transformed copies (i.e., homographies) of the sharp image. Based on this model,
image blur caused by camera motion can be well formulated as an optimization problem.
It is also possible to remove spatially varying blur by estimating a general camera motion
function. A similar model has been used to model three degrees of camera motion (with in-
plane translation and rotation) in [21]. The optimization problems for removing spatially
variant blur often require expensive computational load. To speed up the optimization step,
fast patch-based non-uniform deblurring methods have been developed [22, 24]. In [26],

the back projection technique has been used to initialize the camera motion from estimated
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kernels of several image patches for fast convergence. In this work, we also discuss the

efficient non-uniform blur extension of the proposed method with light streaks.

4.3 Light Streak Detection

We now describe how to detect image patches which contain “good” light streaks for
kernel estimation, based on pre-defined properties. It is a three-step approach: we first
detect a set of candidate image patches that potentially contain light streaks; we then select
the light streak that is most similar to the underlying blur kernel using a power-spectrum-
based metric; finally, we use the selected best light streak to find additional good light
streak patches for kernel estimation.

The motivation for extracting multiple light streaks is that a single light streak may
be fully or partially saturated, thus it may contain only limited information about the blur
kernel. By using multiple light streaks, we can cumulatively extract more blur kernel
information. Furthermore, using multiple light streaks from different parts of the image

helps the system achieve better stability against image noise and local distortions.

4.3.1 Candidate Patch Detection

Our method first identifies a set of image patches that may potentially contain light
streaks. Given the physical nature of light streaks, we define the following properties as the
appearance priors for good light streak patches: (1) pixels covered by a light streak should
have relatively high intensities and those in the background have relatively low intensities
in a local neighborhood; (2) the high intensity pixels in a light streak patch should have a
very sparse distribution; (3) the light streak should be located near the center of a patch;
and (4) there should be no other image structures in a light streak patch.

Since the goal of this step is merely removing irrelevant image patches from being con-

sidered in the following steps for reducing computational cost, we apply a set of heuristic
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Figure 4.2: Examples of light streak detection. The red box indicates the best light streak
patch and the green boxes show additional light streak patches that are automatically iden-

tified.

filters to quickly achieve it. Firstly, we apply two thresholds on maximum image intensity
and gradient magnitude to filter out dark and flat patches. The thresholds are set adaptively
based on global statistics, i.e., the top 10% pixels are above the thresholds. According to
Property 2, we discard those patches that contain too many high intensity pixels (more
than 15%). According to Properties 3 and 4, we divide each patch into two regions: the
center region whose size is half of the original patch, and the border region. We then
compute how many pixels have either high intensity or high gradient magnitude (above
the thresholds) in the border region, and normalize it by the number computed from the
center region. If the ratio is higher than 30%, we discard the patch. In this way we can
quickly rule out most irrelevant patches and generate only a reasonable number of candi-

date patches for more careful light streak detection.

4.3.2 Finding the Best Light Streak Patch

From the set of candidate light streak patches, we carefully find the one that best re-
sembles the underlying blur kernel. Intuitively, the best light streak patch should contain a
well-lit light trajectory that has roughly the same shape as the blur kernel, on a relatively
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clean background. This requires the underlying light source to be in-focus and to have a
small size, and to be well separated from other image structures.

Unfortunately the blur kernel is unknown so we cannot directly use it for selecting
the best light streak. Recent work [19] shows that we can get a good approximation of
the power spectrum of the blur kernel directly from the input image. We thus define a
power-spectrum-based metric for selecting the best light streak.

Specifically, the power-law of natural images shows:
F@)P? oc flw] ™, 42)

where I is the Fourier transform of an image /, w is the coordinate in the frequency domain
and 3 =~ 2. It is well known that a Laplacian filter is a good approximation to ||w|| =, so
that:

T(w)]*|L(w)| = C, 4.3)

where L is a Laplacian filter, and C' is a constant. For a blurred image B = K « [ + N,
we have:
| Bw)*|L(w)] ~ [T(w) | K (w)[*|L(w)] = ClK (w)[*. 4.4)

In the spatial domain, we have B® B x L ~ C'(K ® K ), where ® is a correlation operator.

We thus define our metric as:
d(P, B) :mcin||B®B*L—C(P®P)||2, 4.5)

where P is a candidate light streak patch. The optimal C' can be found by solving a least
square problem. Among all the candidate patches, we select the one with the smallest
distance as the best light streak patch, Py = arg minp d(P, B). Note that this method also
naturally favors unsaturated light streaks, as saturated ones would result in larger metric
distances. In Figure 4.2, we show some examples of the best light streak patch selected

using this method.
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4.3.3 Finding Additional Light Streak Patches

Next, we use the selected best light streak patch to find additional light streak patches
from the initial candidate set. This is done by computing the Euclidean distance between
the candidate patch P and the best patch F,. A histogram equalization operation has been
applied to all patches before computing the distances to account for the intensity difference
between different light streaks. By setting a threshold, we define a set of detected light
streak patches P = {P,}". We use a threshold 0.13Sp max(P,) where Sp is the patch
size in our implementation. Figure 4.2 shows some examples of detected light streak

patches.

4.4 Blur Kernel Estimation using Light Streaks

We now describe how to estimate the blur kernel using the detected light streaks as
well as other image structures. The traditional linear motion blur model is formulated as
B = K x I + N. This simple formulation however is insufficient to model the behavior
of light streaks. To separately handle image structures and light streak patches, we divide
the pixels in the observed image B into three complementary sets B?, B” and B*, which
are defined as B? = |JP,, B" = {z|B(x) is not saturated A ¢ P, Vi} and B®* =
{z|B(z) is saturated A x ¢ P; Vi}. We assign each B* a binary mask M™* so that B* =
M* - B. Here - denotes per-pixel multiplication. The three sets can be easily determined
after the light steak detection step, before kernel estimation, and they remain fixed in later
steps.

We then introduce a more accurate, nonlinear blur model for the input image as:
Br =>"P

B" =M"-(KxI)+N , (4.6)
B* =M?-¢(KxI+N)
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where ¢ is a clipping function defined as c¢(v) = v if v is in the dynamic range of the
camera sensor, and c¢(v) = 0 or 1 otherwise'.

We use P; to denote the unclipped light streaks such that P; = C(Pz) We also introduce
auxiliary variables D;, for each detected light streak patch F;, which describe the appear-
ance of the original point light sources that produced the light streaks. We further assume
each point light source has a disk shape, but may have a different size and at a different
intensity value. In our method, these variables are estimated as well. Specifically, each

light streak is modeled as:

A

P,=KxD;+ N. 4.7

Thus, the first line in (4.6) becomes
BY =) ¢(P) =Y ¢(KxD;+N). (4.8)

Given the above model, we seek K, D; and [ that can best describe the observed
image and detected light streaks. This is done by adopting the widely-used alternating
optimization approach: given the initial values of the three variables, we fix two of them

at each time and optimize the one that is left.

4.4.1 Updating K

In this step, we fix D; and I, and update K by optimizing the following energy func-

tion:

fi(E) = ) |0uB(x) — (K x P)(2)

zeMT™
+ > |0,B(x) = (K * P,) ()] + A K[|y
xeM™
> Y |(Dix K) (@) — Pi()]?, (4.9)
P,eP zeP;

In this chapter, we use the dynamic range normalized into [0,1].
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where x is the pixel index. The first two terms on the right side are data terms based on
the prediction scheme proposed by Cho and Lee [12]. J;, and 0, are partial differential
operators along the horizontal and vertical axes, respectively, and P, and P, are predicted
gradient maps along the two axes, respectively. Please refer to [12] for how to compute P,
and P, using image filtering techniques. Note that the first two terms are applied only on
pixels in M", so that they are affected by neither saturated pixels nor light streaks. This
is in sharp contrast to previous edge-based approaches [12, 66] where edge extraction is
inevitably affected by light streaks and saturated regions. The third term is a prior on K.
The last term is derived from (4.7).

To obtain the underlying light streak P, we replace the saturated pixels in F; with the
interpolated pixels using spline interpolation (explained in more detail in Section 4.4.4).
The computation of P is pre-defined before the optimization process. Then the energy
in (4.9) is minimized using an iterative reweighted least square method (IRLS). Here we
set i as S;/(SpNp) at the beginning, where S; is the image size. We reduce p with a
factor 0.75 over iterations to rely more on the data error term. We set A as 025% /50% with

o denoting the noise deviation of the Gaussian prior.

4.4.2 Updating D;

In this step, for each selected light streak patch, we estimate its original unblurred light
source. As mentioned earlier, we assume that the original point light D; has a disk shape,
and its size and intensity can vary. Thus, we model D; as a function of two parameters ¢;
and r;, which denote the intensity value and the radius of the disk, respectively. Note that
t; is not restricted to the dynamic range of the image. We then derive an energy function

for this step as:

fo.(tisr) = ||Dilti,r) « K — B|)?
+||Di(ts, i) — L||?, (4.10)
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where [; is the patch in the latent image / covering the same pixels as F;. Since we have
strong prior knowledge about the light sources, e.g., they are usually very small and have
high intensities, we thus sample a discrete set of possible ¢; and r; values, and find out the
optimal one that minimizes fp, (¢;,7;). In practice, we found that this exhaustive search

works well in both synthetic and real examples.

4.4.3 Updating /

In this step, we update the latent image I using the updated blur kernel A and light

sources [; by optimizing the following energy function:
fill) = Y plDi = LIP+ ) |B(x) = o(K « I)(x)?
+7 Y (10 ()] + 10,1 (2)]*). (4.11)

where the third term is the sparse prior term proposed in [39] and o = 0.8. v is a weight
for the regularization terms and we use v = 0.005 in our experiments. We solve (4.11)

using an IRLS method.

4.4.4 Initialization and Implementation Details

To compute P; in (4.9), we calculate the 1D interpolation along horizontal and vertical
axes using the Matlab function interpl and compute the average to replace the saturated
pixels. For updating D;, we sample a discrete set {100/255, 120/255, 140/255, ..., 1000/255}
for ¢; and {1, 2,3} for r;. For the update of I, we refer the readers to [14] for parameter
settings.

Our system performs kernel estimation in the original resolution without the coarse-to-
fine strategy. In the first iteration, we compute K by taking out the first and second terms
in (4.9) and only considering the best detected light streak patch as:

argm}%n/\HKHl—l—uZ (D; % K)(z) — Py (2)]?, (4.12)

zeEP)
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where we initialize D; as the point light source with r; = 1 and ¢; = max ﬁ’l Given the

initial A and D;, we then can compute the initial /, and iteratively update all three.

4.5 Deconvolution with Ringing Suppression

After the blur kernel is estimated, we use a non-blind deconvolution method to restore
the latent image. As images taken in low-light conditions often contain lots of saturated
pixels, they should be handled properly to avoid generating severe ringing artifacts.

There are some recent approaches for handling saturated pixels in non-blind decon-
volution. Cho et al. [14] propose a blur model that explicitly models outliers including
saturated pixels, and use an expectation-maximization (EM) method for generating the fi-
nal image. Whyte et al. [59] propose a modified Richardson-Lucy (RL) method based on
a blur model with a saturation function. While both methods use similar blur models, each
has its own pros and cons. For example, Cho et al.’s method can handle other types of
outliers, while Whyte et al.’s method provides an additional ringing prevention scheme. In
our work, we derive a new deconvolution algorithm that combines the advantages of these
two methods.

Our approach adopts the basic framework of RL deconvolution, because in practice
we found that RL deconvolution is often more effective at suppressing ringing artifacts. In
RL-deconvolution, the latent image / is estimated by maximizing a likelihood p(B|K, I),
which is defined using Poisson distributions. The update equation of RL deconvolution is
derived by differentiating the log-likelihood with respect to I:

I'=TroKe i, (4.13)
I'x K
where ® and ® mean per-pixel multiplication and correlation operations, respectively.
Division is also pixel-wise.

To better handle outliers and saturated pixels, following Cho et al.’s work [14], we
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formulate non-blind deconvolution as a MAP problem:

p(I|B, K) o< > p(BIM, K, I)p(M|K, I)p(I), (4.14)
MeM

where M is a mask for specifying inliers and outliers, i.e., M (x) = 1 if B(z) is an inlier,
and M(z) = 0 if B(x) is an outlier. M is a set of all possible A/. We assume Poisson
distributions for inliers and uniform distributions for outliers. Then, the likelihood term
p(B|M, K, I) is defined as P(B(z)|M,K,I) = P(B(x)|K * I(z)) if M(z) = 1 and
P(B(x)|M, K,I) = C otherwise, where P is a Poisson distribution, and C' is a constant
defined as the inverse of the width of the dynamic range. We define P(M|K,I) and P(I)
in the same way to Cho et al.’s approach, as detailed in [14].
Given above formulations, we derive an EM-based regularized RL deconvolution method.

The E-step computes per-pixel weights W at ¢-th iteration as:
Wi PBIK=IP,

P(B|K + 1) Py + C(1 = Py)’

where P, € [O, 1] is the probability that B, is an inlier. The M-step updates the latent

(4.15)

image [ as:
I' BoW!
M= R OK @ e 1 W 4.16
1) © ®(F*K+ ) (4.16)
where p([) is the derivative of a sparse prior:
p(I) = sign(Op1) |0 I'|* " + sign(9,1) x| 0, IH|* . 4.17)

We set a = (0.8. Then deconvolution is done by alternatingly solving (4.15) and (4.16).
In our implementation, for better computational efficiency we approximate (4.15) us-

ing Gaussian distributions. Then, (4.15) becomes:
wt— N(B|K « I' K x I") P,
N(B|K I, K « I')Py + C(1 — P,)

We typically run 40 iterations to obtain the deconvolution result. To further suppress

(4.18)

ringing artifacts, we also adopt the ringing prevention scheme in [59], which decomposes
an image into unsaturated and saturated regions and performs deconvolution separately.

Figure 4.3 shows an example of our non-blind deconvolution.
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(b) Whyte et al. [59]

(c) Cho et al. [14]

Figure 4.3: Non-blind deconvolution of a synthetic example. The second row displays the
zoom-in view of the region in red box. The proposed method extends the Richardson-Lucy

framework to suppress ringing artifacts, and handles outliers via pixel-wise weights.
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4.6 Experimental Results

We implemented our method in MATLAB and conducted experiments on a PC with
an 1.73 GHz Core 17 CPU and 8 GB RAM. For an image of size 700 x 1000, the light
streak detection step takes about 2 seconds, and the kernel estimation step takes around 5
minutes with our unoptimized implementation.

To evaluate the effectiveness of the proposed light streak detection method on real-
world images, we collected 40 natural low-light images that contain light streaks, and
applied our method to them. We then visually examined the extracted light streak patches
in each image to see if the selected best light streak patches really contain light streaks.
We found that in 35 out of 40 images (87.5%), our method successfully extracted correct

light streaks. Figure 4.2 shows examples of our light streak detection.

4.6.1 Comparisons with Hua and Low’s Method

We first compare our method with Hua and Low’s approach [28], which estimates the
blur kernel from a manually-selected light streak patch. Since this method only uses a
single light streak patch, for a fair comparison we also limit our system to select the same
patch. In this experiment, to test the robustness of the two approaches, for each input
image we tried two different light streaks: the best patch suggested by our method, and
a manually selected patch that is visually obvious to the user, resulting in two deblurring
results for each method. Figure 4.4 shows the results on one example.

The results suggest that Hua and Low’s method are sensitive to the input patch: it works
reasonably well with the automatically-detected, non-saturated light streak, but fails badly
with the other one. This is because it only relies on the light-streak patch for extracting
the blur kernel, thus it is sensitive to saturation which causes information loss. On the
contrary, our method is more robust and works well even with the saturated patch, as
we also rely on other image structures for kernel estimation. Furthermore, with the non-

saturated patch, our method generates higher quality results than Hua and Low’s method
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[12] | [35] | [41] | [66] | Ours
KS | 0.5323 | 0.5449 | 0.5298 [ 0.5312 | 0.7069

Table 4.1: Quantitative comparisons using kernel similarity (KS).

due to the proposed optimization scheme. The results also demonstrate that our automatic
selection method selects good light-streak patches for deblurring. More comparisons with

Hua and Low’s method on real examples are shown in Figure 4.5 and Figure 4.6.

4.6.2 Comparisons on Real Images

Here we qualitatively compare our method with the state-of-the-art general image de-
blurring methods [12, 66] that performed well on the recent benchmark test [33], on some
real-world examples. As shown in Figure 4.5 and Figure 4.6, previous methods performed
poorly on these low-light images since they do not contain sufficient salient edges for ker-
nel estimation, and their estimated kernels tend to be close to a delta function. In contrast,

our method obtained more accurate kernel estimation and produced higher quality outputs.

4.6.3 Comparisons on Synthetic Images

We also prepared a synthetic dataset to quantitatively compare our method against
others. To build the dataset, we first captured 11 low-light images in RAW format covering
a variety of scenes, using a Canon Rebel Xsi camera with an EF-S 18-55 mm lens. For
each image we then applied 14 different blur kernels, followed by adding Gaussian noise
with 1% variation. This gave us 154 test images in total.

Figure 4.8 and Figure 4.9 show some representative examples of this dataset, as well
as the deblurred results using different algorithms. For a fair comparison, we use the
non-blind deconvolution method described in Section 4.5 for all methods. The results
suggest that our results have significantly higher visual quality than those generated by

other methods, due to more accurate kernel estimation.
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(e) Hua and Low [28] using (d) (f) Our method using (d)

Figure 4.4: A comparison with Hua and Low’s approach [28]. The red box indicates our

selected light streak patch and the green box is a manually selected patch.
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(a) Real blurry image (b) Cho and Lee [12] (c) Krishnan et al. [35]

(d) Xu et al. [66] (e) Hua and Low [28] (f) Our method

Figure 4.5: Comparisons with state-of-the-art methods on real examples. The images in

the second and fourth rows are zoom-in views of that in the first and third rows.
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(d) Xu et al. [66] (e) Hua and Low [28] (f) Our method

Figure 4.6: Comparisons with state-of-the-art methods on real examples. The images in

the second and fourth rows are zoom-in views of that in the first and third rows.
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We compare our method with the state-of-art uniform deblurring methods [12, 63, 35,
41]. For quantitative evaluation, we use the metric proposed in [40] to describe how well
the estimated kernel reconstructs the image compared to the ground truth kernel. This
metric computes the difference between a recovered image I, and the known ground-truth
sharp image /,, over the difference between the deblurred image [, with the ground truth
kernel k, and the ground-truth sharp image as |1, — I,||*/||1x, — I,||>. The success rate of
reconstructed error ratio is then used to evaluate the effectively of the algorithm, and the
results are shown in Figure 4.7. We also compute the average kernel similarity [27], which
describes the similarity between the estimated kernel and the ground-truth kernel, and the
results are shown in Table 4.1. These results demonstrate that the proposed method out-
performs previous general image deblurring approaches on deblurring low-light images,

due to the explicit light streak modeling.

4.6.4 Failure Cases

The proposed method also fails in some cases. One scenario is when the underlying
light sources of the light streaks are large and no longer point lights, as shown in Fig-
ure 4.10(a). This type of light streak may be selected by our algorithm and could lead to
an erroneous kernel estimation. This problem can be partially alleviated with user guid-
ance by manually selecting a better patch, if it is available in the image.

Another difficulty concerns non-blind deconvolution on a large saturated region as
shown in Figure 4.10(b). For this synthetic example, even if we supply the ground truth
blur kernel, the proposed method and other non-blind deconvolution methods can not gen-

erate satisfactory results due to severe information loss, as shown in Figure 4.10(c).
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Figure 4.7: Cumulative error ratio histogram [40] on the synthetic dataset of uniform blur.

There are 154 blurry images consisting of 11 low-light images and 14 blur kernels.
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(d) Krishnan et al. [35] (e) Xu et al. [66] (f) Our method

Figure 4.8: Comparisons on synthetic examples. The images in the second and fourth

rows are zoom-in views of that in the first and third rows.
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(d) Krishnan et al. [35] (e) Xu et al. [66] () Our method

Figure 4.9: Comparisons on synthetic examples. The images in the second and fourth

rows are zoom-in views of that in the first and third rows.
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Figure 4.10: Examples of failure cases. (a) a blurry image with failed light streak detec-

tion; (b) a deblurred image using the ground truth kernel; (c) a cropped region of (b).

4.7 Non-Uniform Deblurring

In this section, we show that the proposed region selection method can also be used
in non-uniform deblurring problems. In practice, the camera shake results in spatially
variant blur, in which the blur shape at different locations is different. For efficiency,
we approximate the spatially variant blurry image as the sum of several blurry patches

following the fast forward model [24] as

B=1oL=Y K'«(r"ol)+n, (4.19)

where 7 ¢ L denotes the fast forward model, K" represents the blur kernel for the -
th region, and 7" is the weighting parameter indicating r-th region. The kernel K" is
constrained within the geometric model as K" = )", 7yb,, with bj and 7y denoting the
kernel basis for the 7-th region and its corresponding weight. Here each kernel basis by is
calculated by applying the corresponding homography to a grid of single-pixel dots, each

one located at the center of a region. The weight 7, indicates the relative exposure time
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the camera stays at the pose #. Then the model can be written as
B=> (> mbp) x (w @I)+n. (4.20)
r 0
Similar to (4.6), we replace the uniform mode with the fast forward model as

B =Y P =r10D
B =M (rol)+ N . @21)
B* =M°-¢(trol+ N)

where D = > D; is the dot-pattern image.

4.7.1 Estimation of the Blur Parameter 7

To estimate 7, we optimize the following energy function similar to (4.9),

f-(1) = |0nB = Ou(r o D>+ |0,B — 0y(7 o I)|?
+|B? — (0 D))> + |7,
(4.22)

where 0, and 0, are partial differential operators along the horizontal and vertical axes,
respectively. The function utilizes the detected light streaks as the constraints to regularize
the camera motion weight estimation. Since the model is linear with respect to 7, there
exists the matrix-vector-multiplication expression A,7 = 9,(7 ¢ I) and A,7 = 0,(7 ¢ I)
with respect to fixed I, and Ap7 = 7 ¢ D with respect to a fixed D. Thus, the energy

function (4.22) can be written as
fo(r) = 0B — Ap7|* +10,B — Ay7|?

4| BP — Apt|* 4+ |7
(4.23)
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We minimize the equation using gradient descent and the gradient of f is derived

0f-(7)

—2(04B + 9,B + puBP).

(4.24)

4.7.2 Estimation of the Latent Image /

The model (4.20) can also be written in matrix form with respect to 7. Since it is
not guaranteed that there exist light streaks in each region, we do not impose light streak
constraints in the latent image estimation. Thus, the process becomes normal latent image

estimation with non-uniform blur [24, 66].

4.7.3 Light Streak Detection in Non-Uniform Case

In Section 4.3, we introduced the method to determine light streaks, by comparing the
power spectrum of the whole image with the interest patches. This method works well
for the uniform blur situation. However, there are problems when directly applying this to
non-uniform blur cases. The non-uniform blur causes the blur kernels to appear differently
in different locations, thus the power-spectrum of each varies among locations. To deal
with the issue, we split the image into a grid of regions same as the regions mentioned
in Section 4.7. Each region is assumed to be affected by a uniform blur kernel and we
can apply the power spectrum method to detect light streaks in each region. However, this
process leads to a high false positive rate of detection as some of the regions do not have
much image structure as shown in Figure 4.11(a). To make the process more robust, we
utilize cross-validation as we assume similarity among detected light streaks although they
appear spatially variant. We make use of the kernel similarity [27] to measure the similarity
between the detected light streaks, and set a threshold of 0.6 to determine whether two light

streaks have strong correlation. If a detected light streak is found to have less than 2 strong
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correlations, it is considered false alarm. With the validation step, we achieve a light streak

detection with a low false positive rate, as shown in Figure 4.11(b).

4.7.4 Comparison Results

We first compare our method with the state-of-art methods including uniform [12,
35, 66] and non-uniform [24, 59] methods on real images. As shown in Figure 4.14,
those methods fail to deal with low-light images. Although these methods prove to be
effective for generic deblurring, they are more likely to converge to trivial solutions (i.e.,
delta kernel) for low-light images as there are not many salient edges in the images. The
proposed method detects the light streaks accurately and estimates the non-uniform blur
well with the constraints of the light streaks.

To provide comprehensive comparison, we compare our method with the state-of-the-
art methods on a synthetic dataset based on [33]. Since the images provided in [33] are
in good illumination, we generate 165 low-light images consisting of 11 clear images
captured at night and 15 camera motions from [33], followed by adding Gaussian noise
with 1% variation. We compare our method with the state-of-art uniform deblurring meth-
ods [12, 35, 66] and non-uniform deblurring methods [59, 24] on the dataset. We use
the metric of cumulative error ratio [40] to evaluate the efficiency of the methods and the

results are shown in Figure 4.13. One example from the dataset is given in Figure 4.12.

4.8 Conclusion

In this chapter we propose a new deblurring method that explicitly models light streaks
for low-light image deblurring. Our method detects the light streaks appearing in the blurry
image and incorporates them into an optimization framework, which jointly considers
light streaks and other image structures for kernel estimation. We propose a non-blind

deconvolution step to carefully suppress the ringing artifacts caused by light streaks. We
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Figure 4.11: Example of light streak detection in non-uniform blur. (a) a spatially variant
blurry image with directly applying light streak detection to it; (b) a spatially variant blurry

image applying light streak detection and cross-validation.
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(d) Whyte et al. [59]

(e) Our method (f) Our estimated kernel

Figure 4.12: An example from the synthetic dataset of non-uniform blur. The image is
generated by applying camera motion obtained from [33] to a low-light image, followed

by adding Gaussian noise with 1% variation.
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Figure 4.14: Examples of non-uniform deblurring. (a)(g) blurry images with our detected
light streaks; (b)(h) deblurred results by [12]; (c)(i) deblurred results by [59]; (d)(j) de-
blurred results by [66]; (e)(k) deblurred results by our method; (f)(1) our estimated kernels.
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also show that the proposed method can be extended to the spatially variant deblurring
case for a more general framework. Experimental results show that our system can obtain

decent results on the challenging images that previous methods can not handle.



Chapter 5

Good Regions to Deblur

5.1 Introduction

For the single-frame deblurring problem, it is usually advantageous to make full use
of the blurry image. However, not all pixels of the blurry image are informative. Smooth
regions, for example, do not contribute much for estimating the blur kernel. This encour-
ages us to ask “What kind of image features or structure of the blurry image really help
in blur kernel estimation?” By detecting good image features for blur kernel estimation,
an accurately estimated blur kernel can then be used to recover a latent clear image with
high visual quality. In [18, 40], it is demonstrated that regions with strong edges tend to
yield better deblurring results. Some of the gradient-based methods favor salient edges
with gradients of specific patterns [32, 15, 63]. On the other hand, based on 1D signal
examples, it is demonstrated that edges of short length could adversely affect the deblur-
ring results [63]. In other words, if the whole image is used for image deblurring without
deliberate selection of good features, negative impacts are likely to result in inferior re-
sults. For this reason, along with computational efficiency, it is preferable to determine a
comparatively small region, rather than the whole image, for estimating the blur kernel.

Figure 5.1 illustrates that different regions may lead to completely different kernel esti-

54
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Figure 5.1: Different regions lead to different kernel estimations and deblurred results.
The top left image is the input blurry image with three subwindows selected for estimating
kernels. The other three images are the recovered images and estimated kernels from these

three subwindows using [18].

mation results, and thereby different deblurred images. This problem can often be partly
alleviated by manual selection and visual inspection of the results. However, this requires
tedious human input and thus cannot yield fully automatic deblurring algorithms. In addi-
tion, questions regarding which regions or what image structures are crucial for accurate
blur kernel estimation remain unanswered.

In this chapter, we address these questions for effective and efficient image deblur-
ring. We first propose a metric that quantitatively measures the similarity between kernels,
which facilitates the process of labeling good estimated kernels effectively. Instead of de-
termining good image structures from empirical understanding and prior knowledge, we
resort to learning for this task based on a collection of labeled data with the proposed ker-

nel similarity measure. We pose the learning problem within a conditional random field
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(CRF) [37] framework in order to exploit contextual constraints among image regions.
In addition, we explore the contribution of different features with structured output. We
construct a dataset which covers sufficient variability of image structure and blur kernels
following the technique described in [40] for evaluation, and apply the learned models to
select good image regions for deblurring. The proposed algorithms select good regions
automatically for deblurring with efficient and favorable results, thereby relieving users
from tedious trials for selecting image patches. Also the empirical results also provide
some insights about the kinds of image structures or features that are useful for deblurring

algorithms.

5.2 Kernel Similarity

Existing methods mostly resort to the visual quality of deblurred images for empirical
evaluation. While it is important to recover high visual quality images, it is neither reliable
nor effective to evaluate recovered results since human vision is sensitive to noise and
ineffective in telling minute differences. As suggested in [40], it is preferable to separate
the image deblurring problem into two steps: 1) blur kernel estimation and 2) non-blind
deconvolution. If the blur kernel can be accurately estimated, then the deblurred images
can be then easily recovered with non-blind deconvolution algorithms. Therefore, the
ensuing question is how to identify the kernels effectively.

The difficulty of comparing kernels arises when kernels vary in terms of shift and range
(i.e., the size of the kernel). Two kernels K; and K, are considered shift and range invari-
ant if the dominant (i.e., non-zero) parts of them are the same, regardless of differences in
locations and sizes of the kernel windows. Figure 5.2 shows three kernels that vary in shift
and range. Thus, a good metric for kernel similarity should be shift and range invariant.

The commonly used root-mean-square-error (RMSE) metric is not effective in comput-
ing the similarity between two kernels. Typically, smooth kernels are favored by RMSE,

due to its 2-norm form and the fact that the entries of blur kernel sum up to one. Figure 5.3
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(0

Reference Shifted Scaled

Figure 5.2: Estimated kernels vary from shift to scale, but the dominant parts are the same.

These kernels should be considered as the same by a good kernel similarity metric.

shows several examples how RMSE performs with the ground truth blur kernel. Visu-
ally, the second estimated kernel (c) with a small extra part is closest to the ground truth
kernel, either with respect to the shape or the image intensity. The first estimated kernel
(b), though over-smoothed, looks more similar to the third one (d), which misses some
parts and focuses more on the bottom section. In this case, the estimated kernels with low
RMSEs do not necessarily indicate good results, while the estimated kernels with slightly
higher RMSEs in fact match better with the ground truth kernels.

To deal with the above-mentioned problems, we propose a kernel similarity metric
to effectively compare estimated kernels with the ground truth. We utilize the maximum
response of normalized cross-correlation to represent the blur kernel similarity S(K, K )
of two kernels, X and K ,

S(K, K) = max p(K, K, 7), (5.1)
Y

where p(-) is the normalized cross-correlation function and 7 is the possible shifts between

the two kernels. Let 7 represent element coordinates, p(-) is given by

~

_ 2. K(r) - K(r +7)
Rl

p(K,K,7) : (5.2)

where || - || is the 2-norm, and K(7) and K(7) are zero when 7 is out of the kernel

range. The maximum response of the normalized cross-correlation, similar in nature to
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Figure 5.3 Figure 5.4
RMSE| KS | RMSE| KS
kernel in (b) || 0.0013 | 0.8178 || 0.0090 | 0.5676

kernel in (c) || 0.0016 | 0.8791 || 0.0090 | 0.7521
kernel in (d) || 0.0012 | 0.8106 | 0.0089 | 0.7473

Table 5.1: Comparison between RMSE and kernel similarity (KS).

the convolution, can handle the shift and scale problems mentioned above. Moreover,

using the Cauchy-Schwarz inequality, we have

Y K(r) K(r+y)<| K| K|
T (5.3)
— S(K,K) <1,

The equality holds if and only if the non-zero part of K and K are linearly dependent.
Since for any blur kernels, all the entries of the kernel sum to one, the condition is equiva-
lent to the non-zero parts of /& and K being the same.

With this metric, the larger kernel similarity values reflect more accurate kernel estima-
tion results. To demonstrate the effectiveness of the kernel similarity metric, we compare
it with RMSE on the kernels of Figures 5.3 and 5.4, and the results provided in Table 5.1.
In Figure 5.3, low RMSE does not necessarily indicate good results as we discussed before
while the kernel similarity values matches the observation. For Figure 5.4, the kernel in (c)
and the kernel in (d) maintain more kernel structures and are more similar to the ground
truth. In this case, the RMSEs of the estimated kernels are of the same level while the KS
values of the kernel in (c) and the kernel in (d) are higher than that of the kernel in (b). As
seen from the comparison, the kernel similarity values agree with the visual quality and

our understanding of blur kernels.
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Figure 5.3: The RMSE metric is not effective for kernel similarity. (a) the ground truth
blur kernel; (b) the smooth estimated kernel, with RMSE 0.0013 compared to the ground
truth; (c) the estimated kernel has an extra part, with RMSE 0.0016; (d) the estimated
kernel misses some parts, with RMSE 0.0012.

(a) (b) () (d)

Figure 5.4: Compare RMSE and kernel similarity. (a) ground truth blur kernel; (b) - (d):
three estimated kernels, and their RMSEs and kernel similarities compared with ground
truth in Table 5.1.
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5.3 Learning Good Features

Existing deblurring methods in the literature discuss some potential features that may
be useful for kernel estimation mainly based on empirical experimental results. In this

chapter, we address this problem by learning good image regions for deblurring.

5.3.1 Learning Framework

To determine the good image regions for deblurring, we analyze the image structure by
small subwindows. The subwindows within the image, in the context of kernel estimation
and the recovered image, are spatially dependent. Two closely overlapping subwindows
(e.g., shifted by a few pixels in either direction) share similar image structures. In addi-
tion, it is reasonable to expect that other subwindows nearby a potential good subwindow
for kernel estimation, contain useful image structures for deblurring. Consequently, the
deblurred results for these subwindows should be similar, which are also observed empiri-
cally in image deblurring results. Figure 5.5 shows one example where we estimate a blur
kernel from each subwindow of size 200 x 200 and apply it to recover the whole image.
With all the estimated kernels from subwindows and recovered images, we construct an
image reconstruction error map (Figure 5.5(b)) and a kernel similarity map (Figure 5.5(c))
by comparing with the ground truth clear image and blur kernel. The value at each pixel
of these maps is computed by averaging the reconstruction errors or kernel similarity val-
ues from all the subwindows containing it. The image reconstruction map illustrates that
deblurred results using subwindows for kernel estimation are spatially correlated. In the
meanwhile, high kernel similarity values match low image reconstruction errors which
demonstrates the effectiveness of kernel similarity as a metric for evaluating deblurred
results. Thus, we label the training data using kernel similarity and pose the problem of
learning good regions within a CRF framework [37] as it encourages spatial correlation.

Let S and 7 represent the set of nodes and node index. Given the labels y and the

observations x, the conditional distribution P(y|x) is
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(b) (c)

Figure 5.5: Spatial correlation. (a) input blurry image; (b) image reconstruction error map
built using the estimated kernels from shifting subwindows (blue to red pixels indicate low
to high reconstruction errors compared with the ground truth image); (c) kernel similarity
map (blue to red pixels indicate high to low kernel similarity compared with the ground

truth kernel).

Plylx) =  exp (B(y})). 5.4

where Z is a normalization term also known as the partition function. The energy E is
E(ylx) = ZAi(yi,X) + Z Z 1 (yi, yj. %), (5.5)
€S €8 jJEN;
where A; and [;; denote the association and interaction potentials, respectively. The as-
sociation potential A;(y;,x) measures how likely the node of index ¢ would be labeled y;
given the observation x. Meanwhile, the interaction potential /;;(y;, y;, X) determines how
the label y; at node j affects the one y; at node i. Here N represents the neighborhood of
node 7.
In this chapter, the subwindows in the input blurred image are considered as nodes in
the CRF model similar to the formulation of a discriminative random field [36]. Hence, we
formulate the association potential with the log-likelihood of local discriminative model

using the logistic function,
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Ai(yi,x) = log Py (ys| hi(x)), (5.6)

where h;(-) denotes the feature vector of the local region at node 7 and the first element is
set as 1 to accommodate the bias term. The conditional probability P;(y;|h;(x))) of class

y; at node 7 is defined based on the logistic function:
Pi(yilhi(x)) = o (yiw " hi(x)), (5.7

where w are parameters of the logistic function o.

Similar to the association potential, the interaction potential is given by

[(y'hyjax) = log P2<yi7yj|/%j(x)>7 (5.8)

and

Pa(yi, yj|ij (%)) = o (yiy; v (%)), (5.9)
where v are the parameters of the logistic function and 41;; denotes the feature vector for
pair (i, 7). We adopt the difference of feature vector f between node ¢ and j, with 1 as the
first element, to express j;;, ij(x) = [1,|hi(x) — hj(x)|]". Since we do not encourage
negative interaction for two nodes of different appearance or at image discontinuities, the

term v ' 11;;(x) is set to be non-negative. That is, we use the value max (0, v ' ;;(x)) for

v i (%)

5.3.2 Image Structure

Numerous prior work has shown that smooth image regions do not provide sufficient
information for kernel estimation, and instead textured regions are often selected. Never-
theless, the estimation results may still be poor even when textured regions are used [15].
Indeed, regions full of repetitive edges may not make good contributions to the kernel es-
timation when the blur movement (trajectory of camera movement) occurs in the similar
direction as the edges. As shown in Figure 5.6, the stripes on the table cloth and scarf,
which share the same direction as the blur motion, remain almost the same before and

after blurring. In this case, the homogeneous textures do not help in kernel estimation.
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Therefore, gradient orientations in textured regions should also be considered for effective

kernel estimation.

(@) (b)

Figure 5.6: Texture regions are not always effective for kernel estimation. (a) the latent

image. (b) the blurred image.

To estimate blur kernels, recent algorithms focus on the use of sharp edges or edge
distribution [32, 15]. Analogous to the problems with textured regions, sharp edges can be
of great value for image deblurring under proper assumptions. The underlying assumption
for effective use of sharp edges is that regions with high contrast in the original image
maintain informative structure after motion blur. However, not all the sharp edges are
effective for kernel estimation. Recently, it has been shown in [63] that edges of smaller
size than the blur kernel may have adverse effect on kernel estimation, and consequently
edge maps of sufficient size are used for deblurring.

Taking all these factors into consideration, we present a method to extract features
from regions for image deblurring. We use the responses of a Gabor filter bank f(x) =
[f1(x), fa(X), ..., fn(x)] to represent the oriented textures of an image region x. Here n
denotes the bin number of the Gabor filters and f;(x) represents the proportion that the
i-th orientation is the dominant direction within the observation x. The image gradient

histogram g(x) = [hist(g;(x)), hist(g2(x))] is used to capture the distribution of edges,
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where g; (x) and g (x) are the first-order derivatives of the image x along the vertical and
horizontal directions.

To rule out potential negative effects from small edges, we use the mask M(x) =
H(r(x) — 7) proposed by [63], where H () is the Heaviside step function whose value
is zero for negative argument and otherwise one, and 7 is the threshold. For each pixel

p € x, r(p) measures the usefulness of gradients by

I quf\/s(p) Vx(q) ||
wensp | V(@) |l +0.5

r(p) = 5 (5.10)

where N;(p) is an s x s window centered at pixel p.
The feature vector h(x) is then formed by concatenating the above-mentioned local

image features,
h(x) = [f(x), 9(x), f(M(x)), g(M (x))] (5.11)

with varying parameters n, 7 and s. We compare the proposed feature vectors with some

alternatives in Section 5.4.2.

5.3.3 Parameter Learning and Inference

Let 6 denote the set of parameters in the CRF model, # = {w, v}. The maximum-
likelihood estimates of the model parameters 6 are computed with the pseudo-likelihood

to approximate the partition function Z,

0= arngaXH I Py 0), (5.12)

m ’iGSm

where m represents the index of the training image and .S,, is the graph generated from

the m-th image. Based on this formulation, we have

1
‘ JEN;
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and the partition function can be written as

Z; = Z exp(A; (i, x) + Z I(yi, y5,%)). (5.14)

yie{-1,1} JEN;

To balance the effect between association and interaction potentials, we add in a penalty

1 T
term 55V

problem in the log pseudo-likelihood form,

v, where the variable ¢ is pre-defined in this work. We solve the optimization

0 = arg meaxz Z [log o (y;w " hi(x))+
m iESm

1 (5.15)
log Z o(yiy;v' pij(x)) — log zi] — T&VTV-

JEN;
Since Eqn. 5.15 is a convex optimization problem with respect to the parameter 6, the
initial setting of € does not affect the final results. We use the BFGS method to solve the
optimization problem and obtain parameter 3 Loopy belief propagation (LBP) [67] is then

utilized for inference.

5.3.4 Good Regions to Deblur

Given a high resolution blurred image (e.g., 3000 x 2000 pixels), it is rather time
consuming to apply deblurring algorithms with the whole image (about 65 seconds using
[12]). Even with a fast deblurring algorithm [12], it may not be the best choice to use
the whole image for kernel estimation for the reasons discussed in Section 5.3.2. We will
demonstrate in Section 5.4 that using a region of the blurred image for kernel estimation
may render better deblurred result rather than using the whole image. Clearly, one imme-
diate solution for these problems is to select a region within the input image to estimate
the blur kernel, and then apply a non-blind deconvolution algorithm to the whole image.

In this work, we use principal component analysis to reduce the dimensionality of the
feature vectors for learning the model parameters, and LBP to classify the subwindows

as good regions or not for blur kernel estimation. The label of each node (subwindow)
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in the training image is determined by comparing the estimated kernel and the ground
truth kernel. The reason we use LBP for inference instead of graph cuts here is that we
would like to obtain labels with confidence values so that it is more convenient to develop
a region selection strategy. We select the top ranked subwindow to estimate the kernel
for simplicity although other weighted approaches may be used. Given the window size,
the proposed method of selecting a good subwindow to deblur does not require manual
selection which can be problematic and time-consuming. We show that the proposed
method can effectively select the optimal subwindow for deblurring in Section 5.4.
Moreover, this window selection method can also be applied to non-uniform (spatially
variant) blur cases which require large memory space and significant computation if the
whole image is used to estimate the camera motion (e.g., [12]). For instance, the non-
uniform deblur algorithm [21] employs a RANSAC-based scheme to select a set of patches
for alternatively optimizing camera motion and reconstructed patches. With our method,

it would be easy and effective to choose a set of good patches for deblurring.

5.3.5 Contribution of Feature Components

Within the model presented in Section 5.3, we use a feature vector consisting of sev-
eral components. In this section, we determine the most important component for image
deblurring via their structured output. In addition, the approach we use can also be ex-
tended to determine other effective features. We use a slightly different energy function
and consider each feature component independently. That is, we decompose the associate

potential A;(y;,x) into a combination of feature components:
Ai(ilx) = aclog Pt (uil h(x)), (5.16)

where h{ represents different components of the feature vector, e.g., f(z) and f(M(x)),
with weights . The conditional probability Pf(y;|h$(x)) is defined based on the same

logistic function as Eqn. 5.7. Since we aim to determine the weights of feature components
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rather than the parameters of the logistic functions, the parameters of logistic functions
are assumed to be known (e.g., learned with a linear support vector machines). For the
interaction potential, we use I(y;, y;,x) = 30(y; — y;) to encourage labeling smoothness,
where 5 > 0 is the weight and §(-) denotes the Kronecker function.

The objective here is to maximize the probability of labels. In the training phase,
we compute the weights A = (a, 3) that assign the training labels y™ higher or equal

probabilities than any other labels y"* of the training image m,
P(y™x™) > P(y™[x™), vy™ # 3™ (5.17)

We can cancel the normalization term Z from both sides of the constraints and express the

constraints in terms of energies,
E(y™x™) = E(y™[x™),vy™ #y™. (5.18)

We take a max-margin approach to compute the weights that satisfy the inequalities with
the largest energy margin -,

Jnax st E@™x™) — E(y™x™) = 7, Vy™ # 3™ (5.19)
The weights A are constrained to have unity norm to prevent them from growing without
bound. Similar to [53], we use the transformation ||A|| <— ||A]|/~ and add slack variables
& to make the program more robust to noisy training data. To enforce a relatively larger
margin for labels that are far from the training labeling, we rescale the margin as pro-
posed in [58] with a Hamming loss A(y™,y™) = > . 6(y/", y/") and rewrite the objective

function as
o1 , C

E(y"|x™) = E(y"x™) > A" Y™) = &ms (5.20)
Em > 0,Vy™ £y
A>0
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where C' denotes the slack penalty parameter and M is the number of training images.
Here we enforce non-negative weights to compare the contribution of different feature
components for image deblurring.

Since the Hamming loss can be decomposed across nodes, it is absorbed into the node
energies into a refined energy function E’'(y™|x™) = E(y™|x™) + A(y™,y™). To learn
the weights, we iteratively find the minimum energy labeling y, of training image m using
graph cuts [5] with the refined energy. If y, # ¥, we update the weights A to enforce the

margin. The update process terminates when y, = y'" is satisfied for all training images.

5.4 Experimental Results

We evaluate the inferred subwindows using three state-of-the-art deblurring algorithms [18,
49, 12] and compare the performance using the error metric introduced in [40]. This metric
computes the difference between a recovered image /.. and the known ground-truth sharp
image [,, over the difference between the deblurred image [, with the ground truth kernel
k, and the ground-truth sharp image as ||1, — Iy||*/||1x, — I,||*. The cumulative histogram
of reconstructed error ratio (briefly cumulative error histogram for convenience) is then
used to evaluate the efficiency of an algorithm. Since the dataset from [40] has limited
variability of image structures and blur kernels, we use the same technique to collect 400
blurred image using 20 sharp images (with image size around 500 x 500 pixels) and 20
blur kernels for training. Furthermore, we construct another set of 120 challenging blurred
images using 10 sharp images and 12 blur kernels for tests. Our experiments are carried
out on a machine with a 3.40 GHz CPU and 16 GB RAM. To infer an image of 450 x 450

pixels takes around 5 seconds with our MATLAB implementation.
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5.4.1 Deblurring with Good Regions

With the CRF model described in Section 5.3, we learn the parameters using all the 400
training images for inferring good regions to deblur. For each image, we build the graph
model with overlapping subwindows of 200 x 200 pixels as nodes and shifts of 20 pixels.
The size of the subwindows is determined empirically as it is large enough to estimate a
kernel of size smaller than 29 x 29 pixels and all the blur kernels in this data set are like
that. In our experiments, there are at least 484 subwindows extracted from each image as
the nodes for training. We collect the estimated kernel from each subwindow using [18]
as it is one of the best kernel estimators [40]. With the estimated kernels and ground
truth kernels, we label node i to be 1 or —1 using the proposed kernel similarity S(K;, K)
between an estimated kernel K; and the ground truth kernel K with the threshold A of 0.6
(empirically set for effectiveness and efficiency), where K; represents the estimated kernel
for node :. The feature parameters n, 7 and s in this work are set to be 8, 0.6 to 0.9 with
increments of 0.1, and 9 to 24 with increments of 4 respectively. During the inference
process, the size of subwindows is set proportional to the user-defined kernel size. That is,
for a larger blur kernel, the size of subwindows selected to estimate the kernel should also

be increased proportionally.

Comparison with User-selected Region

To demonstrate that user selection can be replaced by our algorithm, we compare our
top inferred subwindows with user-selected regions. The users tend to choose regions with
the most salient edges and variation as shown in Figure 5.7(b)(c) and Figure 5.8(b)(c). The
user selection strategy works well in some situations but usually requires several trials to
obtain a good result. On the contrary, our proposed method does not require user guidance
and the deblurred results by the inferred subwindows of our algorithm outperform that

using user-selected regions.
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Comparison with Region Selection Algorithms

We compare the proposed algorithm with two other region selection methods for de-
blurring [18, 63]. The automatic subwindow selector by [18] searches for the regions with
high variance and low saturation for kernel estimation. We implement another subwin-
dow selection method by following the idea in [63] that the image deblurring process may
be adversely degraded by the negative effect of small edges. In this selector, we remove
small edges using the mask )/ (x) and then search for the subwindow with the most salient
edges.

In this experiment, we select the top ranked subwindow from our inference algorithm
for blur kernel estimation for simplicity although other alternatives may be used. We apply
other methods to select one subwindow from each image for kernel estimation and then
apply two state-of-the-art algorithms [18, 49] to recover the whole image. Figure 5.7,
Figure 5.8 and Figures 5.9-5.10 illustrate the comparison using the deblurring algorithm
of [18], [49] and [12] respectively. The deblurring results on subwindows inferred by our

algorithm are better than those from the other two subwindow selection strategies.

Comparison with Deblurring Using the Whole Image

We also compare with the deblurred results by [12] which uses the whole image for
kernel estimation. In this experiment, we test two region selection strategies based on
the inference results. One is to select the top ranked subwindow to estimate the blur
kernel (as shown in Figure 5.9 and Figure 5.10), and another is to combine the top ten
good subwindows. To combine the top ten subwindows, we choose the smallest rectangle
which covers all the subwindows as the region for simplicity. We note that the top ranked
subwindows are usually clustered due to the use of the CRF model which encourages
spatial correlation, and thus the rectangular region is still of small size compared with the
whole image as shown in Figure 5.11. Compared to the results obtained from the whole

images, our algorithm with the inferred region generates comparable or superior kernel
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Figure 5.7: Comparison on different window selection strategies for deblurring using [18].
(a) input blurry image and corresponding kernel; (b) & (c) user-selected subwindows (red
box) and the deblurred results; (d) subwindow selected by window selector [18] and the
deblurred result; (e) subwindow selected by window selector following [63] and the de-
blurred result; (f) subwindow selected by our algorithm and the deblurred result (best

viewed on high-resolution display).



72

Figure 5.8: Comparison of different window selection strategies for deblurring using [49].
(a) input blurry image and corresponding kernel; (b) & (c) user-selected subwindows (red
box) and the deblurred results; (d) subwindow selected by window selector [18] and the
deblurred result; (e) subwindow selected by window selector following [63] and the de-
blurred result; (f) subwindow selected by our algorithm and the deblurred result (best

viewed on high-resolution display).
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estimation and reconstructed images.

Quantitative Comparison

We conduct extensive comparisons using 120 challenging test images and present their
cumulative error histograms. Given an inferred region by the proposed algorithm, we use a
fast algorithm [12] to estimate a blur kernel, and a non-blind deconvolution algorithm [49]
to recover the latent image (similar to [12]). For thorough evaluations, we compare the re-
sults using the above-mentioned region selection strategies [18] and the whole image [12].
In addition, we compare with [63] using a region or the whole image for kernel estima-
tion. As shown in Figure 5.12, the curve using our top ten subwindows generally performs
better than other algorithms [12, 63] using the whole image. The results also show that
not all the information in a blurred image is useful and using the whole image for kernel
estimation may not be the best choice. We note that the reconstructed results are visually
plausible even when the error ratio is around 5, which is different from the observations
in [40]. The reason is that we employ different non-blind deconvolution algorithms and

larger test images.

Analysis

Our empirical results also provide some insights about the kinds of image structures
or features that are favored by different deblurring algorithms. In the zebra image, the se-
lected window by our algorithm contains relatively strong edges, as suggested in [18, 40].
However, small or detailed edges may not help kernel estimation as shown in Figure 5.8(b).
Furthermore, the subwindow with various oriented edges is selected rather than the regions
with repetitive textures. The empirical results and observations bear out our intuition and
analysis in Section 5.3.2.

To further provide insight on what structures within image patches constitute good

regions for deblurring, we provide more results of inferred good regions in the same scene
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Figure 5.9: Comparison on different window selection strategies for deblurring using [12].
(a)(f) input blurry image and corresponding kernel; (b)(g) the kernel estimation and de-
blurred result using the whole image; (c)(h) subwindow selected by window selector [18]
and the deblurred result; (d)(i) subwindow selected by window selector following [63] and
the deblurred result; (e)(j) subwindow selected by our algorithm and the deblurred result

(best viewed on high-resolution display).
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Figure 5.10: Comparison on different window selection strategies for deblurring using
[12]. (a)(f) input blurry image and corresponding kernel; (b)(g) the kernel estimation
and deblurred result using the whole image; (c)(h) subwindow selected by window se-

lector [18] and the deblurred result; (d)(i) subwindow selected by window selector fol-
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Figure 5.11: Examples of inferred region with top ten good subwindows to deblur using
our algorithm. (a)(e) input blurred image and the corresponding blur kernel; (b)(f) the
kernel estimation and deblurred result using the whole image; (c)(g) the mask image indi-
cating the inferred good region; (d)(h) the deblurred result using the good region to deblur

(best viewed on high-resolution display).
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Figure 5.12: Cumulative error histograms on deblurred results with different window se-
lection methods including ours, [18] and [63]. We use the algorithm in [12] for kernel

estimation and the algorithm in [49] for non-blind deconvolution.
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but different blur kernels in Figure 5.13 and Figure 5.14. The inferred regions in the same
scene vary a bit as a result of different blur kernels. This can be explained by the fact that

different blur kernels change the image structure in different ways.

5.4.2 Contribution of Feature Components

With the model described in Section 5.3.5, we learn the weights A from a set of 400
images. The results show that the weights «.. for feature components f(x) and f(M(x))
of Eqn. 5.11 have the highest values. This indicates that Gabor filter responses are more
discriminative for this task, while using the original blur image is more effective than using

the image after removing small edges.

5.4.3 Feature Alternatives

We evaluate alternative features, i.e., gradient histogram and the histogram of Gabor
filter responses, that can be used to describe local image structures for kernel estimation.
We follow the same process as we describe in Section 5.4.1 of the manuscript, but replace
the proposed feature with the alternative features. Figure 5.15 shows the cumulative error
histograms of methods with different features, and the results with our proposed feature
(Section 5.3.2) are better than those with alternative features. In addition, the proposed

algorithm performs better than the method [12] using the entire image.

5.5 Conclusion

Recent work focuses on introducing priors or additional information to facilitate de-
blurring, and considerably less effort has been made to study the structural information of
the input blurry image itself. We address this issue and exploit informative image structure
for deblurring. In this chapter, we propose a learning-based approach for selecting good

features and good patches for blur kernel estimation. Towards this, we introduce a kernel
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Figure 5.13: Inferred top subwindows from our algorithm are different for the images of
the same scene but with different blur kernels. (a)(e) input blurry image and corresponding
blur kernel; (b)(f) the kernel estimation and deblurred result using the whole image; (c)(g)
the mask image indicating the inferred top subwindow; (d)(h) the deblurred result using

the good region to deblur (best viewed on high-resolution display).
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Figure 5.14: Inferred regions from our algorithm are different for the images of the same
scene but with different blur kernels. (a)(e) input blurry image and corresponding blur
kernel; (b)(f) the kernel estimation and deblurred result using the whole image; (c)(g) the
mask image indicating the inferred good region; (d)(h) the deblurred result using the good

region to deblur (best viewed on high-resolution display).
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Figure 5.15: Cumulative error histograms on deblurred results with different feature ex-
traction approaches. We use the algorithm in [14] for kernel estimation and the algorithm

in [9] for non-blind deconvolution.
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similarity metric for effective comparison of kernels. The proposed algorithm selects good
regions automatically for deblurring with efficient and favorable results, thereby relieving

users from tedious trials for selecting image patches.



Chapter 6

Fast Non-uniform Deblurring using

Constrained Camera Pose Subspace

6.1 Introduction

Image deblurring is one of the most fundamental problems in computer vision that has
been studied extensively. Image blur often results from relative motion between a camera
and the scene (e.g., camera shake) during the exposure time. It causes significant image
degradation, especially in low light conditions where longer exposure time is required.
Although the blur effect may be reduced by setting a faster shutter speed, it inevitably
generates a significant amount of noise.

Most existing algorithms formulate image blur as a convolution process with a uniform
blur kernel or point spread function (PSF) on a latent input image. The uniform blur
model is sufficient if the camera shake is caused only by in-plane translation (i.e., within
the sensor plane) without any out-of-plane rotations. However, this assumption does not
hold in general. Camera tilt and rotation happen frequently and the image blur becomes
non-uniform, i.e., blurs at different pixel locations are not the same. Moreover, object

movement in the scene also leads to non-uniform blur effects. Thus, blur kernel estimation
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is especially difficult in the non-uniform case.

Early work addresses the non-uniform blur problem by restricting the blur process
to simple cases [2, 13, 50]. Recently, a geometric model has been proposed to describe
the camera motion using the weighted sum of homographically transformed copies of
the sharp image [60]. The transformed copies can be viewed as the intermediate images
observed by the camera during the camera shake process. This model imposes a global
constraint on local blur kernels, and the estimation step becomes computing the weights
of different camera poses rather than directly recovering spatially varying blur kernels at
different pixel locations. The main disadvantage of this model is the heavy computational
load due to dense sampling of poses in the high dimensional camera motion space. To
make this problem solvable in practice, recent methods approximate the six-dimensional
motion space with a three-dimensional subspace (roll and in-plane translation) and coarse-
grained sampling. Nevertheless, this simplification inevitably introduces reconstruction
errors. Most recently, an approach that uses efficient filter flows to address the compu-
tational issues was proposed [24]. However, this algorithm aims to approximate local
blur kernels without exploiting camera motion structure (e.g., camera motion trajectory is
sparse in the camera motion space).

In this chapter, we propose a single image deblurring algorithm to remove non-uniform
blur. We first introduce an initialization method that facilitates convergence and avoids lo-
cal minimums of the formulated optimization problem. We then propose a new camera
motion estimation method which optimizes a small set of pose weights of a constrained
camera pose subspace at a time rather than using the entire space. We develop an iter-
ative method to refine the camera motion estimation and introduce perturbation at each
iteration to obtain robust solutions. The proposed method also enables us to use dense
sampling and the six-dimensional motion space without heavy computational load. We
evaluate our method with the state-of-the-art algorithms and the experimental results show
that the proposed approach is not only efficient but also effective for non-uniform image

deblurring.
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6.2 Related Work

The problem of removing spatially invariant blur has been studied extensively and nu-
merous algorithms have been proposed [18, 46, 38, 50, 56, 40, 12, 63, 15, 16]. Since blind
deconvolution is an ill-posed problem, it is often necessary to exploit prior knowledge
and additional information to obtain effective solutions. For single image deblurring, re-
cent approaches focus on exploring image priors for deblurring. Image priors are usually
formulated as constraints or regularization terms in the optimization function so that satis-
factory results can be achieved without searching for the entire solution space. In [18], the
heavy-tailed gradient distribution of natural images is exploited as prior information. The
recovered latent image is constrained to fit the distribution of gradient magnitudes of natu-
ral images described by a Gaussian mixture. The underlying relation between motion blur
and object boundaries is analyzed and exploited for deblurring [30]. In [49], a deblurring
algorithm is proposed in which prior knowledge regarding the gradient distribution of nat-
ural images is used along with consistency constraints of local smooth regions before and
after blurring. The consistency constraints are shown to be effective in suppressing ringing
effects. A method that uses sparsity constraints of both the blur kernel and latent image
was presented in [6]. Most recently, a fast method with carefully designed regularizations
and optimization procedures was proposed for image deblurring [12].

Removing spatially variant blur is a challenging task in which regions are degraded
differently, thereby entailing non-uniform models over the entire image. This problem has
recently attracted more attention due to its wide range of practical applications. One ap-
proach to handle spatially varying blur is to segment the blurry image into multiple regions
where each one is modeled by a uniform blur kernel [2, 13]. This approach is sensible and
well-known uniform image deblurring algorithms can be used once the segments are de-
termined. Such segmented regions, however, often need to be small for the assumption of
using uniform blur kernels to hold. Another approach is to model or capture the camera

motion during the blur process and derive spatially varying blur kernels at different sites.
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In [50], an algorithm to account for blurs caused mainly by the in-plane rotational motion
from a single image is proposed. Specially designed imaging systems (i.e., hybrid cam-
eras and sensors) have also been used to estimate a local blur kernel at each pixel location
based on optical flow [56, 31]. The use of additional hardware to facilitate image deblur-
ring is demonstrated to be effective. Nevertheless, it is not clear how such approaches can
be applied to single frame image deblurring in the general setting.

Recently, a geometric model has been proposed to model the observed blurry image
as the integration of all the intermediate images captured by the camera along the motion
trajectory [60, 57]. These intermediate images are modeled transformation (i.e., homo-
graphies) of the sharp image. Based on this model, image blur caused by camera motion
can be formulated as a single optimization problem. It is also possible to remove spa-
tially varying blur by estimating a general camera motion function. A similar model has
been used to model three degrees of camera motion (with in-plane translation and rotation)
in [21]. In [24], a method that employs an efficient filter flow algorithm to speed up the
optimization step is developed. However, these approaches entail high computational cost
as the high-dimensional camera motion and latent image have to be computed during the

iterative optimization process.

6.3 Non-uniform Blur Model for Camera Shake

In this section, we describe the non-uniform blur model caused by camera shake for
the scene with constant depth that can be modeled in a way similar to [21]. The geometric
model we use is based on [60] which formulates the blurry image B as the integration of

the transformed copies of latent image L,

B = /f(Hg, L)w(6)df + n, 6.1)

where 0 denotes the camera pose characterized by 6 parameters, Hy is the homography

induced by camera pose 6, and f(Hy, L) represents the transformed image. The blurry
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image can be viewed as a combination of the images the camera captures with observation

noise n. Similar to [21], we address this problem in a discrete space with

B=Y f(Hy, Lywg+n="> wy(KyL)+mn, (6.2)
0eS 0esS

where K is the matrix that warps the latent image L to the transformed one at a sampled
pose # and S denotes the set of sampled camera poses. In this formulation, Ky can also
be viewed as a blur kernel basis where row ¢ is the weight vector representing how pixel ¢
of the latent image L contributes in the blurry image. We note that Ky is a sparse square

matrix which can be stored in memory efficiently. Thus, we model the blur process as
B =KL +n, (6.3)

where IC = ), s wg Ky represents a blur matrix with each row as a point spread function
(PSF) at a pixel location. For spatially invariant blur, each row of K shares the same PSF
but with location shifts. We denote IV as the set of weights wy.

To reduce the dimensionality, one approach is to approximate the six-dimensional
camera pose space by three-dimensional rotations without considering translations [60].
In [21], it is shown that the out-of-plane rotation can be well approximated by =z, y transla-
tion when the focal length is sufficiently long, which is usually the case for camera settings.
In this work, we approximate the camera motion with a three-dimensional pose space as

in [21] (z, y translation and =z rotation) and focus on the estimation of pose weights.

6.4 Deblurring with Constrained Pose Subspace

The purpose of single image deblurring is to recover the sharp image L given the blurry
observation B. To solve L in Eqn. 6.3, we seek to minimize the energy function over the
variables L and W with kernel basis Ky,

min [|(Y " wyKy)L — B|]* + &1 (L) + &2(W), (6.4)

LW
(LW) " oes
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where ®; and @, represent the regularization terms on the latent image L and weights W
respectively. The regularization terms will be explained in the following sections.

In this work, we develop an iterative method to solve L and W. We first initialize
W with patch-based uniform deblurred results, and then estimate L and W via iterative
optimization. At each iteration, we restrict the solution space in a small set of camera
pose space which the camera motion trajectory is most likely to belong to. Figure 6.1
summarizes the main steps of our method and the technical details are presented in the

following sections.

Blurred image Motion initialization Prediction Motion estimation Deconvolution Final deconvolution

Figure 6.1: Main steps of the proposed algorithm.

6.4.1 Initialization using Backprojection

To solve the ill-posed problem, a good deconvolution method needs to deal with local
minimums and multiple feasible solutions (pairs of sharp image and camera motion) for
a given blurry image. Recent algorithms employ coarse-to-fine approaches to alleviate
these problems, but require computing the kernel basis and estimating pose weights at
each scale. In this work, we propose an initialization method of pose weights to address
this problem. The proposed initialization method also facilitates the convergence of the
optimization process.

The blur kernel at a specific pixel location can be viewed as the projection of the
camera motion trajectory or a tomographic scan over the camera motion space. We denote

p(0,1) as the mapping indicating how camera pose 6 affects pixel [ in the image, which
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can also be viewed as the [-th row of kernel basis K. Thus, we express the blur kernel at

site [ as

ko= wep(0,1). (6.5)
0

Motivated by the backprojection techniques in image processing [20] which are used to
reconstruct the two-dimensional signal from its one-dimensional projections, we develop
a method to reconstruct the camera motion from multiple blur kernels. We first collect the
estimated blur kernels from several image patches (e.g., from 3 by 3 grid) using a fast uni-
form deblurring algorithm [12]. Although the blur kernels are not precisely estimated due
to the camera rotational motion and the estimation errors, they capture the overall shape
of the blur kernels (i.e., coarse camera motion) and thus can be used for initialization.
From multiple estimated blur kernels of different regions, one approach to approximate
the camera motion is to use the inverse transformation by duplicating the two-dimensional
blur kernels across the camera motion space. That is, for each entry in k;, we determine the
possible camera poses whose projection p(¢, 1) at this site [ is the interest entry and then
duplicate the weight of this entry across all the possible camera poses. This procedure is
called backprojection commonly used in image reconstruction [20] and we denote bp(k;, 1)
as the backprojected value by

bp(k, ) = Y k()T(0), (6.6)

i {0lp(6,)=i}

where i is an index for any location of blur kernel &; and I'(#) is an indicator function
of camera poses with value 1 for pose # and O for others. If a pose of interest coincides
with the camera motion trajectory (we refer to this pose as an inlier and outlier pose vice
versa), its amplitude will be doubled ideally once two blur kernels at different locations
are backprojected (which is known in image reconstruction from projections [20]). As the
number of the blur kernels increases, the strength of outlier pose decreases with respect
to the strength of the inlier pose in which multiple backprojections intersect. In this way,
we can approximate the weights W using backprojection W = L5 bp(ky, 1) with the

normalization term n.
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The approach with direct backprojection may not render precise camera motion esti-
mation for several reasons. First, a good approximation of camera motion requires a large
number of blur kernels to rule out outlier poses. However, it is time consuming to compute
a large number of blur kernels at different locations and thus we use only a few blur ker-
nels for initialization. Second, the estimated blur kernel itself is not precise. Since we use
a uniform deblurring method to estimate the blur kernels from image patches, the results
are not accurate as in-plane camera rotation of camera shake is likely to occur. Within an
image, the patches near the optical center are affected with less blur caused by in-plane
camera rotation compared to those on the boundary.

To address these problems, we formulate the initialization estimation with an opti-
mization problem and enforce sparse constraints of the weights to get better reconstruc-
tion results due to the fact that the camera motion trajectory is sparse in the motion space.
Moreover, we assign each backprojection function bp(k;, () a confidence value a(l) based
on the distance of the site [ to the optical center which can usually be assumed to be the

center of the image. Thus, the initial estimation of weights W is formulated as,

W—argmmi/nHW—;a(l)bp(k;l,l)H?—i- W1, (6.7)

where the confidence value needs to be normalized across all the sites, i.e., a(l) «+

a(l)
2ma(m)’

tion to the camera motion trajectory in Section 6.5.

We show that the proposed initialization method provides a good approxima-

6.4.2 Estimating Pose Weights

In the weight estimation step, we compute W given the current recovered latent image
L based on Eqn. 6.4.

Image Prediction: To obtain more accurate estimates, we take a prediction step to ap-
proximate the latent image similar to [12]. In this step, a bilateral filter is first applied

to suppress noise and small edges, and a shock filter is then used to restore strong edges
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(more details of the settings can be found in [12].). Each predicted image L has fewer
artifacts and sharp edges. More importantly, the predicted image L resembles the latent
image even when the estimated L from the previous iteration is blurry, and thus this step

facilitates faster convergence.

Weight Estimation on Constrained Pose Subspace: Since image derivatives have been
shown to be effective for reducing ringing effects in the optimization process for deblur-

ring [49, 12], we formulate the weight estimation problem as

min ; | % we0y (KyL) — 8, B||* + ©o(W), (6.8)
where 0* € {0, 0y, Oz, Oy, Oyy } denotes the partial derivative in two directions of first
and second order, and «, € {ay, an} is the weight for partial derivative of different order
as [49].

In this formulation, a direct optimization on the whole pose set S is computation-
ally expensive. We note that the discretized poses along the camera motion trajectory
form a connected one-dimensional path in the camera motion space. Moreover, the one-
dimensional path constitutes a sparse subset of the space. That is, the majority of poses
are outliers (i.e., not on the trajectory) and their weights should be zero. In this work, we
propose to optimize Eqn. 6.8 only on a sparse subset of poses referred as an active set
A C S. The active set represents the set of poses which are likely to lie on the motion
trajectory.

We note that the construction of initial weights W indicates the likelihood a pose lies
on the motion trajectory. Thus, the first active set can be obtained by the initial weights

with a threshold €. We use the same threshold strategy to determine the active set at

each iteration. Suppose A = {6;,....0,,0,.1,...,0,.,} is the active set at iteration 1,
and the corresponding weights WX) = {wy, ..., wyy,} are sorted in the decreasing order
Wy > ... > Wy > E > Wpyl = ... > Wpyg. Atiteration 7 + 1, we set the new active set

tobe ATD = {6y,...,0,,0,.1,...,0,.,} by deleting the smallest ¢ weights and adding
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new poses {ép+1, ceey ép+q} as perturbations. We obtain the new poses by sampling based
on the previous active set A) using a Gaussian distribution (with small variance), since the
poses close to the members of the active set are most likely to be inliers. The perturbation
step makes the proposed algorithm more robust.

Once we determine the active set A, we assign the weights for the poses of the inactive
set to be 0, and estimate the weights of poses in the active set with /5 regularization and

non-negative constraints,

nvlvijl;a*u gwea*(mi) —O.B| + B||Wall?, st W4 >0. (6.9)
* E

where 0 is a zero vector and W, > 0 denotes each weight in 1/, is non-negative. We
solve this optimization problem using an interior point method with small 5 (0.1 in our
experiments). Since the active set is already sparse with respect to the whole space, it is
not necessary to introduce a sparse regularization term in the above optimization problem.

For parameter settings, we conduct experiments and find that the index number (i.e.,
the number of elements in a set) of the active set is sensitive when it is smaller than 60
and stable otherwise. The reason is that a very small number of sampled poses may not
be enough to cover the motion trajectory so that we could not obtain an accurate weight
estimation on such active set. We set the index number to be 60 in this work as it is suffi-
cient to generate good results while the number of samples required to fill the discretized
whole motion space is over 1000 even for a small blur kernel size. In [60, 21], since the
whole pose space is used for optimization, only coarse-grained sampling is adopted for
computational reasons. As we optimize the problem within the active set (which is close
to camera motion trajectory), only a small number of poses is required, thereby enabling
us to use fine-grained sampling and grids without increasing computational loads. More-
over, it is not necessary to compute all the Ky as a large number of /Ky may not be used in

the optimization process.
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6.4.3 Recovering Latent Image with Deconvolution

In the deconvolution step, we estimate the latent image L by fixing the weights W.
Since the weights for the poses of the inactive set are set to be 0, we reconstruct the blur

matrix with the active set A, K= Zee 4 We Ky, and the optimization problem becomes
mLin||/€L—B||2+<I>1(L). (6.10)

We use the regularization terms in [49] and a similar iterative approach to solve this prob-

lem.

6.5 Experimental Results

In this section, we evaluate the proposed algorithm against several state-of-the-art sin-
gle image deblurring methods for spatially variant blur. The experiments are carried out
on a machine with a 3.40 GHz CPU and 16 GB RAM. Our MATLAB implementation
takes about 600 seconds to process a blurry image of 441 x 611 pixels, which is about
1.5 times faster than the MATLAB implementation of [24], the most efficient single im-
age non-uniform deblurring method to the best of our knowledge!. Our method with the
proposed initialization strategy usually takes 5 to 10 iterations to converge with the cri-
teria that the recovered image does not change above a threshold between two iterations.
Meanwhile, our method without the initialization strategy takes more than 20 iterations to

converge and the results are not satisfying.

Initialization Test using Synthetic Data: We evaluate the proposed initialization method
with synthesized data by manually generating three-dimensional camera motion with a
connected path in the motion space and initializing their weights. We then apply the
synthesized camera motion on a sharp image to obtain a blurry image, based on geo-

metric model in Eqn. 6.2. The proposed backprojection method is evaluated using either

1'We note that the source code of [24] is not available and the time comparison is based on the reported
results.
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the ground truth or the estimated kernels as shown in Figure 6.2. First, we project the
synthesized motion to several image sites and collect the projected blur kernels as the in-
put for backprojection as described in Section 6.4.1. The results in Figure 6.2(c) show
that the backprojected results are close to the synthesized motion with respect to poses
and weights. This experiment demonstrates the backprojection method models the map-
ping between blur kernels and camera motion well. We next evaluate the backprojection
method using the estimated blur kernels. Since the kernels of nearby locations are similar
due to the spatial continuity, we can assume the blur kernels remain the same within a
small region and apply a uniform deblurring algorithm to estimate them. From the blurry
image, we select a few image patches from which the blur kernels are estimated using a
fast uniform deblurring algorithm [12]. As shown in Figure 6.2(d), the estimated poses
cover the synthesized motion (i.e., the blocks in (d) cover all blocks in (b)) which indi-
cates that the selected poses are good enough as the first active set for weight estimation.
We note the backprojected poses are sparse with respect to the whole sampled pose space

(around 100 poses compared with 3375 discretized poses in this case).

Non-uniform Deblurring: In Figure 6.3, we compare with state-of-the-art single image
deblurring algorithms for spatially variant blur [60, 21, 22, 24]. Since not all the source
codes are available, we use the reported results for comparisons. Among these meth-
ods, three algorithms [60, 21, 24] adopt similar geometric models for camera shake which
enforce global constraints for blur kernels while one method [22] estimates kernels lo-
cally. In [60], three-dimensional rotations are considered for modeling camera motion
while the other methods [21, 24] and our approach focus on estimation of x, y translation
and in-plane rotation. We compare mainly with [24] since it achieves the state-of-the-art
deblurring results in terms of speed and quality.

For the Pantheon image, both the proposed method and [24] recover sharp images
without obvious blur while the results from [60] contain ringing effect along the roof. As
only three-dimensional rotations are considered in [60], camera translation is not fully re-

moved in this case. In the Gas station image, the results from our algorithm contain fewer
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Figure 6.2: Initialization using backprojection with synthetic data. Light green cubes in-
dicate small weight values and dark blue ones indicate large ones. (a) synthesized blurry
image. (b) its corresponding camera motion. (c) initial camera motion using backprojec-
tion with ground truth blur kernels at several image sites. (d) initial camera motion using

backprojection with blur kernels estimated by a uniform deblurring method [12].

artifacts and sharper edges (e.g., letters next to the gas pump). The results show that cam-
era motion for this image is better estimated by our approach. In the Butcher shop image,
most blur effect can be removed by [22, 24], although some details are smoothed when
compared with the results generated by the proposed method. We note that an additional
step is used in [24] to reduce artifacts using corrective weighting after the latent images are
recovered, while our approach does not have any post-processing. However, as shown in
the inset images of Books and Butcher shop, the results from our algorithm recover more
details in general. Compared to the results generated by state-of-the-art algorithms, our
approach not only removes non-uniform blur efficiently but also generates comparable or
better deblurred images.

The main limitation of our approach is that it may fail or require numerous iterations
to converge if the blurs are too large (e.g., z rotation of 10 degrees), which is also the
case for other non-uniform deblurring algorithms [21, 24]. The reason is that the blurs
resulting from large rotational motion cannot be well estimated from image patches using

any uniform deblurring method. Therefore the pose weights are not initialized well, and
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Blurred image Our method

Whyte et al 60] H1rsch et al 24]

Blurred image Gupta et al.[21] Hirsch er al.[24]

Blurred image Harmeling et al.[22]  Hirsch et al.[24] Our method

Figure 6.3: Comparison with state-of-the-art single image deblurring methods for spatially

variant blur. Top to bottom: Pantheon, Gas station, Books and Butcher shop.
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this likely results in local minimum.

6.6 Conclusion

In this chapter we present a fast single image deblurring approach to remove non-
uniform blur. We propose an initialization method of camera motion using backprojection
to facilitate the convergence and avoid local minimums. We develop a method to solve
pose weights and the latent image iteratively. To estimate the pose weights, we restrict the
solution space in a small subset for efficiency and add perturbation to make the system
robust. Experimental validation with state-of-the-art methods demonstrate the efficiency
and effectiveness of our approach. Our future work will focus on developing a public
code library of state-of-the-art algorithms with a benchmark dataset and sound metrics for

quantitative evaluations.



Chapter 7

Joint Depth Estimation and Camera
Shake Removal from Single Blurry

Image

7.1 Introduction

The motion deblurring problem has drawn much attention in recent years with demon-
strated success. Most approaches model a blurry image as the integration of intermediate
frames captured by the camera along the motion trajectory, typically assuming in-plane
translational camera motions. Recent endeavors in nonuniform deblurring further explore
a rotational camera motion model [13, 60, 57] and broaden the application range of de-
blurring approaches. These methods, however, do not consider large scene depth variation,
which is ubiquitous in real-world scenes.

Figure 7.1 shows one outdoor image taken by a hand-held camera. Almost all existing
deblurring methods do not perform well in this seemingly simple example due to the non-
ignorable depth variation. While some algorithms on depth-aware motion deblur have

been recently proposed [64, 45], they nevertheless leverage additional observations for
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Figure 7.1: Depth-aware non-uniform deblurring. (a) blurry image; (b) restored image by
the method [24] assuming constant scene depth; (c) estimated depth map by our method;

(d) restored image by our method using the estimated depth map.
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this challenging task. The inherent limitation of the existing deblurring methods to handle
depth variation is readily explained. On the one hand, even with known scene depth, the
solution space of the deblurring problem with depth consideration is typically very large,
making it not suitable for practical applications. On the other hand, depth information is
not usually available and depth inference from a single image is extremely difficult.

In this chapter, we propose a unified framework for the joint restoration of scene depth
and the latent clear image. While depth information is critical in blur removal, the blur
image provides an additional cue for depth information. In addition, rather than inferring
depth for isolated pixels [39], we extract depth layers and model the layer-wise blur re-
spectively. This makes the problem better constrained and is the major difference to the
previous work. We develop an expectation-maximization (EM) scheme to solve scene
depth and the latent image alternatingly by exploiting their underlying geometric relation-
ships, from a single blurry image. We demonstrate that the proposed model effectively

removes non-uniform blur from images with depth variation.

7.2 Related Work

The problem of removing spatially invariant blur has been studied extensively and nu-
merous algorithms have been proposed. Since blind deconvolution is an ill-posed problem,
prior knowledge or additional information are often required for effective solutions. In the
image deblurring literature, two types of additional information are often used: natural
image priors [18, 38, 49, 40, 12, 15] and additional image observations [3, 46, 69, 56, 42].

Recently, the problem of removing spatially variant blur caused by camera motion has
attracted much attention due to its wide range of applications [2, 13, 50, 56, 31, 60, 21,
24, 57, 59, 26, 29]. Early work splits an image into several regions where each is mod-
eled with a constant PSF and recovered by a uniform deblur algorithm [2, 13]. However,
these methods are sensitive to region size which is required to be sufficiently small for

the assumption of uniform PSFs to hold. Hybrid camera systems have also been used to
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capture a local blur kernel at each pixel location based on optical flow [56, 31]. The meth-
ods with additional inputs are demonstrated to be effective on image deblurring, but such
approaches are not applicable to single image non-uniform deblurring.

In [60, 57], geometric models are proposed to model the observed blurry image as
the integration of all the intermediate images captured by the camera along the motion
trajectory. The intermediate images are modeled as the homographic transformations of
the latent image. Based on this model, the spatially-varying deblurring problem can be
solved by estimating a general camera motion function and then the latent image. A sim-
ilar model has been used to model three degrees of camera motion [21] (with in-plane
translations and rotation) instead of camera rotations in [60]. To reduce the computational
load, fast non-uniform deblur methods have been developed to speed up the optimization
step [24, 26]. In [33], a dataset for motion deblurring is constructed by recording and play-
ing back the camera shake with a robot system. The blurry images are obtained by taking
photos of sharp pictures which assume constant depth. Notwithstanding the demonstrated
success, the above-mentioned non-uniform deblurring methods do not consider the effect
of scene depth on camera motion blur or they assume constant scene depth for simplicity.

To exploit depth information from the blurry input, recent methods [13, 50, 8] partition
an image into foreground/background and remove the blur caused by object motion. A
coded aperture method has been proposed for deblurring and the decoded images are used
to infer pixel-wise depth in a Markov random field [39]. Depth effects on translational
blur have also been discussed in [52] where the blur is estimated from the user specified
region with approximately constant depth to infer depth. In [64], two blurry images of
the same scene are used to infer depth with stereo techniques and further improve the blur
removal. Similarly, a non-uniform motion deblurring method has been proposed to exploit
bilayer-scene constraints from two blurry observations [45]. In this work, we consider
single-image non-uniform blur caused by camera motion and scene depth variation. Depth
estimation from one single image itself is a difficult problem. A depth estimation method

has been proposed based on the visual depth cues, texture and color, in [48]. However,
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the problem becomes more challenging when a blurry input is given as the depth cues
are destroyed in the presence of motion blur. We address this issue by exploiting the

underlying geometric properties of a blurry image.

7.3 Depth-Aware Deblurring

In this section, we present the depth-aware geometric model of non-uniform blur
caused by camera motion, and propose an EM formulation for joint depth estimation and
latent image recovery.

The commonly used geometric model of camera motion considers an observed blurry
image y as the weighted sum of the transformed results based on the sharp image x [60,
21, 57],

t
y =) wi(K(;)z)+n, (7.1)
j=1
where {0;}/_, denotes the sampled camera poses, the weights W = (wy,...,w;)" in-

dicate the exposure time the camera stays at each pose, K (f;) is the matrix that warps
the latent image x to the transformed result at a sampled pose ; and n as the observation
noise. In this formulation, /(¢;) can also be viewed as a blur kernel basis of pose 6; where
the r-th row is the weight vector representing how the r-th pixel of the latent image x con-
tributes to the blurry image. In [21], the matrix K (6;) is induced from the homography P

of the latent image assuming constant depth d,

1
Pj = C(R; + ZT5[0,0,1))C7", (7.2)

where R; and T); denote the rotational and translational components of pose 6;, and C'is
the intrinsic matrix of the camera. This equation also shows that depth variation affects
only translational blur. While this model assumes fronto-parallel scenes, we consider more
generic cases with varying depth in this work. Considering depth variation, the r-th row
of the warping matrix varies with the depth at the r-th pixel. Thus, we denote K (0;, D) as
the matrix induced by pose ¢, and depth map D.
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For practical applications, recent work simplifies the camera motion from the six-
dimensional space to a three-dimensional subspace. In [60], only three rotations are used
to approximate the camera motion, while in-plane translations and rotation are considered
in [21, 24, 26]. It has been shown that these two models achieve similar performance
under some assumptions [33]. In this work, we consider in-plane translations and rota-
tion of camera motion, since out-of-plane rotations can be approximated with in-plane
translations at a certain depth in the proposed depth-aware model.

To make the problem tractable, we first split the image into disjoint regions, ©* =
Zi\il x; for the latent image and y = Zf\il y; for the blurry image, and assign a constant
depth d; to each region z;. Here we use x; to indicate the -th region, with the intensity
of a pixel the same as the one in the original image x if it belongs to ¢-th region and 0

otherwise. We rewrite (7.1) as

N t

N
y=> yi=3. > wi(K(0;,d)x)+n. (7.3)
=1

i=1 j=1

Given only the blurry image, there are numerous unknown variables in (7.3), which makes

it difficult to solve.

7.3.1 EM Formulation

Since there are numerous unknown variables in (7.3) and the equation cannot be solved
directly, we propose an EM formulation to solve the problem. Given the observed image
y, the goal is to estimate the latent image and the weights of camera motion v = (x, W)
in terms of the unknown depth map D. The maximum likelihood estimate (MLE) of this

problem is determined by the marginal likelihood of the observed image,
L(v;y) = plyly) = > p(y, D|y). (7.4)
D

It can be solved with the EM algorithm by iteratively applying the following steps:
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E-step: Compute the expected value of the log likelihood function under the current esti-

mate of v,
Q") = E,pyy o log p(y, DY), (1.5)

M-step: Determine 7! = arg max, Q(v|y").

We explain these steps in the following sections.

E-step

To express Q(y|y"), we first consider the likelihood

N
i=1

in terms of disjoint regions. We assume a discrete sampled set of the potential depth values,

{v};_,, and introduce an auxiliary variable «; . indicating the value of depth d; as

1, if dz = Vg,
Oz@k = (77)
0, otherwise,

and Y ) _ ;=1 since only one depth value is selected for each region. The likelihood
p(yilx;, W, d;) for each region is then expressed as the data fitting term and the auxiliary

variable,

p(yi|1’z’> w, di)

1 t
= eXp(_2_7]2Hyi - Z w; K (05, ;)| |*)

= exp(— Zazkuyz ij (0, v)zil[?),

where we assume a zero mean Gaussian prior for signal noise n ~ N(0,7?). Here the

(7.8)

warping matrix K (6;,v;) can be pre-computed once the sampling of camera poses and

depth values is determined.
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Assuming uniform distribution on p(D), we write the log-likelihood log p(y, D|7) us-
ing (7.6) and (7.8),

logp(y,lev W) = log p(y|z, W, D)p(D|z, W)

(7.9)
ZZ zk||yz ij QJ’Uk x1||
=1 k=1
and (7.5) can be written as
Ep(D|y (2, W) D) [lng(y, D‘.’L’ W)]
5 (7.10)

N
1
PP EM\MENJ%WM)

Here E[agl,)c] denotes the expectation of v in the [-th iteration and it can be computed

with the pseudo-likelihood

l l l l
aly = Ewﬁ:mékﬂm,ﬂww
l
oxp(— gy — Ty wy K (05, 002 |?) (7.11)
s 1 ! ’
S ep(—gially: — Yoy wi K (0, vi)a|P)

which also satisfies Y ;_, Z(l,l L.

M-step

Once all the @E’Z,)g are determined, we solve ~ in the M-step with the optimization prob-
lem,

A+ —argmaXZZoz (|lys — ij (0, )| [*). (7.12)

11k:1

This optimization problem is similar to the existing non-uniform methods based on the
geometric model, except that the image is partitioned into multiple depth layers. We solve
x and W alternatively in a way similar to the other non-uniform deblurring algorithms [60,

21, 24, 26] and explain the detailed steps in Section 7.3.4.
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7.3.2 Image Partition

In this work, each blurry image is partitioned into multiple depth layers. There are
two main issues for the blurry-image partition as shown in Figure 7.2. One is the ringing
artifacts along edges which makes it difficult to segment blurry image. Another problem
is the ambiguity of the region boundary, where is likely to be caused by the combination
of objects appearing in different layers. To address these issues, we first process a blurry
image with a smoothing filter (e.g., Gaussian) to suppress the artifacts. We then apply a
matting algorithm [10] on the filtered image to obtain multi-layer segmentation results,
with the scribble for each layer from the user. The pixel with matting value less than one
is likely to lie on the region boundary and we assign a weight based on the matting value
for the data fitting term. We present an example in Figure 7.2 to show how a blurry image

is partitioned into multiple layers.

7.3.3 Depth Estimation

In Section 7.3.1, we discussed how to compute the expectation of «;; and use it in
the M-step. Considering the adverse effect of the small edges, we apply the L, smoothing
filter [65] to the estimated latent image = before computing &; ;. To determine the depth
value of each layer, we discard small values of &;; and only keep the highest one ki =
arg maxj;_, &; x. The depth value corresponding to the highest value &; ;. is assigned to the
region z; and y;, d; = v;,. One can also determine the depth by combining several several

top a; i, values.

7.3.4 Constant-Depth Non-Uniform Deblurring

In this section, we explain how to solve for z and W by fixing the depth D (we abuse
the notation to indicate {&; x }; x in (7.12)). We adopt the same formulation as existing non-

uniform deblurring methods in an alternating way, i.e., solving one by fixing the others.
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Figure 7.2: Image partition using matting. (a) blurry image and patches that are difficult

for image partitioning, (b) one layer using matting and the corresponding matting patches.
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At the first iteration, we initialize the weights W using backprojection as [26] to facilitate

the convergence.

Image Prediction: Before the alternating optimization, we predict the approximate latent
image using a bilateral filter and a shock filter similar to [12]. The bilateral filter is first
applied to reduce noise and remove small edges, and then the shock filter is used to enhance
strong edges. By doing so, the predicted image * = Zfil x; contains less artifacts and
sharp edges, which leads to more accurate estimate of pose weights W as the predicted

image resembles the latent image.

Weight Estimation: Image derivatives have been shown to be effective for suppressing
ringing artifacts in deblurring problems [49, 12]. Thus, we replace the image intensity

with derivatives in the data fitting term and express the weight estimation as

_argmaxzzozzk |8yz ng anvk 8932||)

=1 k=1

—argmaxz ||0y; — Zw] (05,v3,) )07 ?).

(7.13)

Since W represents the weights of camera motion trajectory, we add a smoothness term to

enforce continuity and write (7.13) in a matrix form,

V_V:argmvngAW—bﬂz+)\HFWH2, (7.14)

where A is the matrix with K (6;, v; )0; at index (i,7) and b = (Qy1,...,dyn)". Here
we denote I as the matrix form of the partial operator d. To address computational issues,
we use a similar formulation as [26] by solving it with a subset of the camera pose space.
The subset is determined by perturbing the one from the last iteration. We use conjugate

gradient to minimize (7.14) and normalize W with unit sum.
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Latent Image Estimation: To recover the latent image, we solve the following optimiza-

tion problem,

f:argmaxZZamH@% ij (0;,v)0z:|)

=1 k=1

(7.15)
—argmaxz ||0y; — Zw] (0, vy, YOz |[%).
Since {z;} , are disjoint regions, we solve z; independently with constraints,
t
T; = arg max |[Jy; — ijK(Gj,U,;i)(‘?xiW + w0z, (7.16)

j=1
where we use a simple regularization to favor smooth gradients. For fast optimization, we
adopt the strategy of splitting the image into grids and performing uniform deconvolution
on each region, similar to [24]. It is also possible to use other constraints or deconvolution
schemes [39, 49, 34, 35] to solve (7.15). For the final deconvolution, we use the method

with sparse constraints [34] to recover the image.

7.3.5 Initialization and Implementation Details

In this work, we set the parameters A = 0.5 and p = 0.1 in all experiments.

In the beginning, we initialize the depth of each layer to be the same value. Thus, the
first iteration can be viewed as the non-uniform deblurring without depth variation. After
applying the L, smoothing filter [65], the estimated latent image results in a good depth
estimation. Figure 7.3 shows synthetic example of the depth estimation in the first itera-
tion. The proposed method provides a decent depth estimation except for the sky region,
which does not have much texture and therefore is less important for image deblurring.
With proper depth estimation in the first iteration, the proposed method converges to a

solution efficiently.
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(d)

Figure 7.3: Synthetic example of the depth estimation in the first iteration. Dark region
indicates small depth. (a) synthetic blurry image; (b) ground truth depth; (c) estimated

latent image after smoothing filter; (b) our estimated depth using (c).
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(b) (c)

Figure 7.4: Comparison with depth-from-single-image method [48] on a real image. (a)

blurry image; (b) estimated depth by [48]; (c) our estimated depth.

7.4 Experimental Results

In this section, we first evaluate depth estimation results of the proposed algorithm and
then compare deblurring performance against several state-of-the-art methods for spatially
variant blur. Implemented in MATLAB, it takes takes about 2.5 hours to process a blurry
image of 480 x 640 pixels on a 3.40 GHz machine with 16 GB RAM.

7.4.1 Depth Estimation

Depth estimation from a single image is a difficult task. The recent approach [48] pro-
poses an MRF-based method to infer scene depth from visual cues, e.g., texture and color.
In Figure 7.4, we present an example of a natural blurry image and the depth estimation
by [48] and our approach. Although our method does not capture subtle depth variation, it
estimates the rough depth well based on the geometry information contained in the blurry
image. In contrast, the method [48] is not effective in estimating depth from blurry images
where region texture and edge contrast are missing as a result of motion blur.

We evaluate our depth estimation algorithm on synthetic images with spatially variant
blurs. First, we collect a set of sharp images and their depth maps (i.e., indoor images

with Kinect sensors and outdoor scenes with laser scanners). We partition the image into
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Figure 7.5: Depth estimation results on synthetic images. (a) sharp image; (b) synthesized
blurry image caused by both translational and rotational blur; (c) synthesized blurry image
caused by only rotational blur; (d) ground-truth depth; (e) our estimated depth from (b);
(f) our estimated depth from (c).
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Table 7.1: Average error with respect to the minimal number of translated pixels in the

camera motion.

# of pixels 1 3 5 7 9 11
error (meter) | 2.02 1.67 147 135 1.10 1.03

different layers based on the depth map and assign the average depth to each layer. Syn-
thetic camera motion trajectories and corresponding weights are then applied to generate
blurry images. For experiments on depth estimation, 420 pairs of blurry and sharp im-
ages generated from 6 sharp images (3 indoor and 3 outdoor images from [48]), and 70
randomly synthesized camera motions are collected. Each sharp image has the depth vari-
ation from 2 meters to 20 meters with at least three depth layers. The average error per
pixel is 2 meters and most errors are from the cases with small camera translations. As
demonstrated in Table 7.1, our depth estimation becomes more accurate when there exists
more translational camera motion. Figure 7.5 shows two depth estimation results by the
proposed algorithm, from one blurry image caused by both translational and rotational
camera motion and another caused only by rotational blur. With only rotational blur, our
method estimates a uniform depth value for each layer as shown in Figure 7.5(f). The re-
sults, although not accurate with respect to depth estimation, satisfy our model that depth
variation does not affect rotational motion blur as mentioned in Section 7.3. This further
demonstrates that our model is able to infer the geometric information contained in motion

blur.

7.4.2 Non-Uniform Deblurring

In this section, we compare our methods with several state-of-the-art single image
deblurring methods [21, 24, 64]. The experiments on the synthetic blurry images and real
blurry images are carried out to validate our model and EM algorithm. We also show that

our method can be used to remove non-uniform blur caused by camera motion for a scene
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with small depth variation. Due to space limitations, only a few results are presented in
this section and more results can be found in the supplementary material. We note that the
dataset [33] is constructed by taking blurry photos on sharp pictures assuming constant

depth, and thus it is not suitable for evaluating our depth-aware method.

Synthetic Blurry Images: We evaluate deblurring algorithms on the synthetic images
obtained using the same process as described in Section 7.4.1. As shown in Figure 7.6(a),
there are more than two objects at different depths in the synthetic image, and the objects in
the back are less blurry than those in the front. The state-of-the-art non-uniform deblurring
method based on constant depth [24] does not work well (Figure 7.6(b)) since the data-
fitting terms of different objects penalize each other in the weight estimation of the camera
motion. However, this problem can be alleviated by considering depth factor as formulated
in this work. In Figure 7.6(c) and (d), we demonstrate that the proposed EM formulation
generates reasonable depth estimation and improves the deblurred results. We select the
text regions to better visualize the difference.

If the image contains small depth variation, our method naturally falls back to constant-

depth non-uniform deblurring.

Real Blurry Images: In these experiments, we evaluate the proposed method on the real-
world images blurred by hand-shake. Figure 7.7 shows some results with comparisons to
the state-of-the-art methods for spatially variant blurs [24, 64, 26]. In the Books example,
several books and a cookie box appear in the scene with small depth variation. In the Boxes
example, there are a dozen objects which are appear in a cluttered scene with large depth
variation. The uniform algorithm in [12] and the method in [24] assume constant depth and
do not perform well in this case, while the proposed method recovers sharper images. Our
method is not able to detect subtle depth change, and instead infers mainly two different
depth layers in this image. However, by separating the image into two layers, the proposed
method obtains more accurate weight estimation of the camera motion compared to the one

using constant depth, which also demonstrates the effectiveness of the depth-aware model.
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Figure 7.6: Depth-aware non-uniform deblurring on synthetic images. (a) synthetic blurry

(d)

image; (b) deblurred result of [24]; (c) recovered image using our method; (d) our esti-

mated depth (best viewed on a high-resolution display).

We note that the proposed method on real images does not estimate depth as accurate as
in the cases of synthetic images. One reason is that there are many unknown variables to
be estimated and the error surface is complex with alternating optimization in the M-step.
Thus it is difficult to guarantee convergence to a good local minimum. Some other reasons
include the simplified camera model assumption. Since our model is based on the pinhole
model, lens error and defocus blur due to depth variation may affect the accuracy of depth

estimation for real blurry images.

7.5 Conclusion

In this chapter, we discuss the depth influence of depth on the geometric model of
non-uniform blur caused by camera motion. We present a unified layer-based model for
depth-awared deblurring and propose an EM formulation to recover depth and the latent
image jointly given only a blurry image. We demonstrate the effectiveness of our depth
estimation scheme when there exists certain translations, and the estimated depth informa-

tion helps improve the performance of latent image reconstruction over the state-of-the-art
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Blurred 1mage H1rsch etal. 24] Hu & Yang [26] Our method

Blurred image Cho & Lee [12] Hirsch et al.[24] Our method

Figure 7.7: Depth-aware non-uniform deblurring on real images. Top to bottom: Books,

and Boxes examples (best viewed on high-resolution displays).
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models that assume constant depth. When the depth variation of the scene is limited, the
proposed algorithm performs similarly to the non-uniform deblur algorithms that assume

constant depth.



Chapter 8
Conclusion and Future Work

This chapter concludes the thesis and presents possible future research topics in the

future.

8.1 Summary

This thesis investigates new algorithms to remove motion blur from single input im-
age. To address the ill-posed problem, additional information, such as image priors and
additional observations, is required to better constrain the solution. The problem becomes
more difficult if there is camera rotation involving, which result in spatially varying blur.
To explore generic image priors, Chapter 3 introduces sparse constraints on the image
representation for deblurring. The same coefficients for both the latent image and blurry
image are enforced, with respect to the corresponding sharp and blurry dictionaries. Spar-
sity has been shown to be successful as a generic prior for natural images, however, the
information contained in image content has not been well explored. To address this con-
cern, we propose a technique to exploit the motion trajectory information in each blurry
image in Chapter 4. The light streaks, which depict the blurred light sources and blur

trajectory, are extracted automatically by using the spectrum property between the blurry
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image and the blur kernel. With the help of the detected light streaks, strong constraints for
each image are enforced to estimate the blur kernel. We show that the proposed techinique
can be used to address deblurring problems on challenging scenarios of low-light images.
We also explore the influence of image structure on deblurring algorithms in Chapter 5.
Towards this, we propose a learning-based approach for selecting good features and good
patches for blur kernel estimation. The results show that the proposed algorithm selects
good regions automatically for deblurring with efficient and favorable results, thereby re-
lieving users from tedious trials for selecting image patches.

The uniform blur model is sufficient if the camera shake is caused only by in-plane
translation without any out-of-plane rotations, but this does not hold in general. Recent
methods adopt a geometric model to formulate the non-uniform blur problem, but suffer
from large computational load due to dense sampling of camera poses. Chapter 6 presents
a fast image deblurring approach to address this issue. The proposed initialization method
of camera motion employs backprojection to facilitate the convergence and avoid local
minima. Instead of estimating all the pose weights, we restrict the solution space in a small
subset for efficiency. In addition to efficient algorithms for spatially varying blur, we also
explore a general model for this problem in Chapter 7. The usually ignored depth influence
on the geometric model was discussed and a unified lay-based model was proposed for
depth-involved deblurring problem. We propose an EM formulation to estimate the scene
depth as well as the latent image jointly given only one input. The results demonstrate that

solving depth from a single blurry input is possible and that it helps to perform deblurring.

8.2 Future work

There are three interesting directions to explore future research on motion deblurring.

The following section describes these ideas in detail.
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8.2.1 General Non-Uniform Model

In Chapter 7, we presented a model that takes scene depth into consideration. Since
our depth-aware blur model is based on multiple layers with constant depth in each, we
mainly handle scenes with multiple objects in frontal views. It may fail for the scenes
that contain elongated objects with large depth variation. It would be interesting to exploit
more general models to resolve more complex scenes of depth variation. Moreover, similar
to the existing methods, the computational load of our non-uniform deblurring algorithm
is high. Thus, how to efficiently solve the complex system and reduce the computational

load is an interesting research topic.

8.2.2 Mobile Deblurring System

Unlike priors commonly used for latent images (e.g., those derived from natural image
statistics), the distribution of camera motions is difficult to model due to its large diversity
and inherent randomness. To gain additional information on such motion, inertial sensors
such as gyroscopes and accelerometers have recently been exploited, with blur kernels
estimated directly from the recorded camera motions and then used together with non-
blind deconvolution techniques to recover the sharp latent image. These sensors have
become standard build-in features in current smartphones, and it would be very useful to
design mobile deblurring systems based on the sensors. However, the inertial sensors from
current smartphones present some challenging issues. First, the time delay between sensor
and image measurements and the rotational center of camera motion can vary with each
photograph. Second, the noise in inertial sensor readings cannot be completely eliminated
by offline calibration. Additionally, inaccurate accelerometer readings can accumulate
into substantial errors in measured camera translation. We would like to propose a mobile
deblurring system to address these issues in our future work, including how to dynamically
recover the time delay between the inertial and camera sensors, how to calibrate for the

rotational center of camera motion online, and how to refine the blur kernels initially
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reconstructed from noisy sensor readings.

8.2.3 Joint Object Segmentation and Motion Deblurring

Object motion blur is challenging as the moving objects and the background in the
scene undergo different blur. To remove the motion blur, a good segmentation of the mov-
ing objects is essential. Most of the recent object motion deblurring methods address the
problem by segmenting the input image into multiple object layers and applying blind de-
convolution to each segmented region. However, segmenting the objects itself is a difficult
problem due to the ambiguous boundaries between objects. We would like to develop a
unified model to jointly estimate the segmentation and the motion of each object in our

future work.
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