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Abstract

Computer Vision is the process of obtaining information alob a scene by processing the
images of the scene. This reverse process can be mathembyidmrmulated in terms of
various unknown variables. Given the images, these varedbhwill satisfy some constraints.
For example the variables could be the intensity values atlegixel location in an image and
the constraint being that these values have to lie betwé&eand 255 An objective function
can be formed in terms of variable and constraints. This fution has the property that a set
of variables which will minimize this function i.e. the glab minima of this function, will
be the desired solution. Often in Computer Vision, the numbef possible solutions is large
due to which the objective function has a number of local mima. The exhaustive search
for global minima becomes computationally intensive. Thihus becomes a Combinatorial
Optimization problem in vision. Recently, a number of techques based on Minimum Cut
on Graphs have been proposed which are fast and e ceint. Thégad to a polynomial time
approximately global minima. The solutions obtained usirthese techniques on benchmark
problems have performed better than optimization techn&gideveloped earlier. This has led
to renewed interest in the eld of Optimization in computer ision in recent times. For a
vision problem, obtaining a global minima using e cient ogmization methods is not enough
if it does not correspond to the desired solution. The formation of an accurate objective
function is also an important aspect.

In this thesis, we have rst proposed new objective functisrior problems in Imaging and
Depth estimation from images and then formulated them as opization problems. The two
main problems of imaging which have been addressed are Oomi$ Imaging and Background
Subtraction. Omnifocus imaging is important as it helps toemerate an image which has a
large depth of eld which means that everything being imagedin focus. This is critical
to many high level vision problems like object recognitiorhigh require better quality sharp
images. The input to this problem is a set of images which amedissed at di erent depths.
These images are called as multifocus images and are capturem a Non-Frontal Imaging
Camera (NICAM). A new calibration technique for calibratirg this camera is also proposed.
This helps in registration of input images from NICAM. A Focs measure in omnifocus
imaging nds the best focussed image from the set of multifiscinput images. We have
proposed a new Generative focus measure in this thesis.

The removal of Background from images is another imaging kegque where the unwanted
regions in the image are removed. We have proposed a new diyjedunction for background
removal for the machine vision problem of monitoring Interwdal Freight trains. The ob-
jective function is optimized using Graph Cuts based optimgtion. We have also developed
another techniques based on nding Edges in an image and Ggiaa Mixture Modeling for
background removal in such videos.

In Depth estimation, the thesis has proposed range estin@tifrom images generated from
a NICAM in an optimization framework. The constraint used inthis framework is that the
nearby points in the three dimensional world have got the sardepth. Thus the proposed
optimization framework allows for accurate and smooth dépéstimation in real world scenes.
We show results on real data sets.
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Chapter 1

Introduction

1.1 Introduction

Since long, it has been our goal to develop machines which bsee and perceive the
environment around them just as we do. For a human, fastest dreasiest way of perceiving
the environment is through eyes. A human eye captures the figenergy getting re ected
from various objects in the scene and builds an inverted imagf the scene. This image is
then processed by the human brain and various information alnt the scene is generated.
The intuitive way to achieve this goal for the machines is todilow the viewing pipeline
similar to our eyes. This pipeline can be briey divided intotwo steps: the rst step is
capturing an image of a scene and the second step is the preogg of this image to infer
the details of the scene.

The rst task for capturing the light energy of a scene was rsachieved by the development
of a Pinhole camera. In a pinhole camera, the light was allodido pass through a small
hole onto a photographic sensor where an inverted image ofettscene was formed. But
since the images captured by a Pinhole camera were darker andisy they could not be
used for processing to extract useful information. This letb the use of a lens in a Pinhole
camera and the use of charged couple devices (CCD) as imagesee This was called a
photographic camera. Since the advent of rst cameras based lenses, a lot of advancement
has been made in the eld of such cameras. They have become engheaper and also of
higher resolution. Along with single images, a camera can hesed to capture a series of
images of a scene thus generating a video of an event. Thus geaand video acquisition
have become an easy task.

The second task of developing algorithms which process tmage and video as the human
brain does to infer the three dimensional world is more di clt and complicated. The pro-
cessing of an image/video to obtain relevant features andeh analyzing them has led to the
formation of three important elds namely Computer Vision,Image Processing and Machine
Learning. A task in Image processing involves developing theds to obtain relevant image
features from a given image e.g. nding edges in an image, niadx the image more bright
etc., but it is the eld of Computer Vision whose goal is to deglop algorithms that do the
important task of mapping this information to infer the three dimensional world just like our
brain does. Thus, Image Processing and Computer Vision bdsAlgorithms for processing



of images and videos is critical to understanding the threedimensional scene. This thesis
concentrates on this task and proposes some new algorithnes processing the images and
inferring the corresponding scene.

The images and videos of a scene are composed of tiny grapthéments called as pixels.
The number of pixels are usually large in number. Thus the mhmes that apply Computer
Vision algorithms for processing images and videos requinggh computational power. The
requirement of high computational power can be solved in thillowing two ways. The
rst method is to increase the computational power of the mdanes used for running vision
algorithms, which means increasing the clock cycles of theogessor and challenging the
hardware limits. Although this approach leads to faster coputation but then they also
require higher end machines which in turn increases the castusing the Vision algorithms.
Another approach is to make the algorithms more e cient so tlat they give similar results
as before but use lesser computation power and are fast. Thiwuld make them more ap-
plicable to being applied to real world scenarios as well. Thhas resulted in an increased
use of Optimization based framework as they lead to accuratnd fast solutions for solv-
ing Computer Vision problems. Optimization based techniges are common in the eld of
Mathematics and Physics since long. But recently they haveamed a lot of popularity in
the Computer Vision community owing to their power of providng fast solutions in lesser
number of computations. An optimization technique require the formulation of an objective
or error function for the vision problem at hand. The global rmima of this function gives
us the optimal solution.

In this thesis rst, we have proposed new algorithms for pragssing of images and estimat-
ing various information about the three dimensional world.Second, these new algorithms
have been formulated in an optimization framework so that tey are fast and applicable to
real world problems. Our contributions in this thesis are exained in the next section.

1.2 Contributions

Camera Rotates about
this Axis

>

Inclined Sensor
Plane

Lens
Assembly

() | Y

Figure 1.1: (a) A schematic diagram of a Non-Frontal Imagingcamera (See Chapter 3 for
details). (b) Consecutive image frames of an Intermodal Tha. (See Chapter 5 for details)



In this thesis we have proposed new objective functions fanaging and depth estimation
which are optimized using Graph Cuts technique [1]. In partular, we address the following:

First, we propose an optimization based technique for calisting a panning camera to
obtain the tilt of the sensor plane and the stage on which theamera is kept. These
values are then used for accurate registration of images gated from a NICAM [2]
(See Figure 1.1(a) for a schematic diagram of this camera) h&se registred images are
used as input images for omnifocus imaging which is proposieda MAP (Maximum

a Posteriori) - MRF (Markov Random Field) framework. This oljective function for
omnifocus imaging when regularized using a smoothness prieads to the formation
of an energy minimization function. This energy function cabe minimized using very
fast algorithms of minimum cut on graphs. We also propose aweobjective function
which is derived from a Generative Focus Measure.

Second, we propose a Graph Cuts based discrete optimizatiechnique for background
removal for a particular application of InterModal (IM) train videos (See Figure 1.1(b)
for sample frames from a IM train video). We formulate a novabbjective function for
background subtraction and analyze it on train videos. To aopare the performance of
the proposed algorithm, we propose another method which cbmes Gaussian Mixture
Modeling of background and Edge Based techniques for acaadackground removal.
The background removed video is used for inferring variousformation about the train
e.g. its velocity, dimension of the loads, distance betwed¢he gaps between the loads
of the train.

Lastly, in order to obtain depth of a 3D scene, we propose a MAMRF based op-
timization framework for depth from focus images. Such a fraework allows us to
impose a smoothness constraint on the obtained depth estitea. This leads to sharp
boundaries at depth edges. A graph cut based optimization deniques makes the
depth estimation fast and accurate.

1.3 Organization

The main focus of the thesis is to propose new algorithms intipization based framework for
e cient imaging and depth estimation. In order to achieve ths goal, we have proposed new
energy minimization functions which model the problem moraccurately. The application of
graph cuts for optimization leads to fast convergence to a aeglobal minima. In Section 1.1,
we give an introduction to the problem at hand. Section 1.2 I y explains the contribution
of the thesis. The remainder of the thesis is organized aslfols:

In Chapter 2, we give an overview of Discrete Optimization irComputer Vision. A
number of concepts relating to the formulation of an energyhction and its justi ca-
tion in a Bayesian framework is explained. An introduction ® graph based minimiza-
tion for energy functions is given. In the end we give an exargpof the vision problem
of Depth from Stereo in a discrete optimization framework.



In Chapter 3, we give an overview of image acquisition in Comafer Vision using

various cameras. We discuss the limitations of such image$o overcome these lim-
iations, a new camera called Non-Frontal Imaging Camera (RIAM) was developed.
This camera can be used to generate an Omnifocus image i.e.image where all the
objects in the scene are imaged with foucs. We give a backgnduabout the geometry
of this camera. Next we give a literature survey on Omnifocuisnaging and various
Depth/Shape estimation techniques using di erent image as. We discuss the prior
work done on Depth from Focus/Defocus cue in detail. In the ehwe discuss the
various techniques for Background Subtraction in videos.

In Chapter 4, we rst propose a new non-linear technique for &ibration of panning
cameras. We use this tehcnique to calibrate NICAM. Then we ppose omnifocus
imaging in a discrete optimization framework. For omnifocsiimaging we then propose
and explain a Generative Focus Measure. At last, we show rdtsuand evaluation on
real as well as synthetic images for omnifocus imaging.

In Chapter 5, we propose and apply a Discrete and Continuousp@mization based
background removal technique for removing background fromnain videos. The train
videos are a part of machine vision system which has been sptta monitor Intermodal
load trains and obtain the length of the gaps between the load The gap lengths are
used to calculate the aerodynamic e ciency of the train.

In Chapter 6, we propose Depth Estimation in a discrete optimation framework.
The proposed framework overcomes the depth of eld problemwhere a conventional
camera is able to focus on a limited range of depths and retwmoptimal and accurate
depths as shown in the results on real images.

In Chapter 7, we conclude the thesis. We summarize the codititions of this thesis
and comment on the limitations and future work.



Chapter 2

Preliminaries: Discrete Optimization
iIn Computer Vision

2.1 Introduction

The eld of computer vision is related to the task of obtainig relevant information about
the real world by inferring the images of that world. Typicaly the task becomes di cult
owing to the uncertainties in the imaging process and the arguities in the inference of
the real world. This in turn leads to multiple solutions to a mrticular vision problem.
An optimization approach provides an elegant technique toeduce the number of possible
solutions by formulating various constraints on the proble at hand. The optimization
approach consists of two major steps described as follows.

The rst step is the formulation of an objectivefunction. It is a function from the set of all
possible solutions to real numbers. In order to formulate avbjective function it is important
to impose a set of constraints which should be satis ed by th@al solution. The solution
to an objective function which satis es these set of constnats in the best possible manner
is the desired solution. Thus, the value of the real number tavhich the objective function
is mapped gives the measure of goodness of that solution. @emtionally, the lesser the
value, the better the solution is. Two of the most commonly el constraints to formulate
an objective function for a vision problem are obtained by th input data which could be an
image for example and the prior knowledge about this data. Ehdata constraint restricts the
desired solution to be close to the observed data and the priconstraint con nes the desired
solution to have the form which is agreeable with the prior kowledge about the problem.
The objective function thus formulated and containing the Wwo constraints is referred to
as anenergy function The data constraint is de ned speci c to the vision problembeing
solved. The prior constraint is usually imposed by the assystion that the variables of
the objective function belong to a Markov Random Field (MRF) The concept of MRFs is
explained in Section 2.3. Prior to this in Section 2.2, we elgn the concept of Labeling
in vision which is a natural representation for the study of NRFs and is imperative to
understand the optimization framework for various problers in computer vision.

The second step of the optimization approach is to minimizehe energy function by
nding the global minima. An energy function in computer vison is typically not convex



and they have multiple local minima. This makes the task of gbal minimization di cult.
Additionally, the energy function for an image has a large maber of unknowns, which makes
the computational requirements for minimization high. In &ct its an NP-hard problem to
nd the exact minima. This leads nding approximate solutions which are closer to the
global minima. One of the assumption which relaxes the optigation approach to some
extent is that the set of solutions is nite. This is done by dscretizing the variables which
are used to formulate the energy function. This makes the sef solutions countable but still
too large to be explored completely. Such an optimization pblem where the input solution
set is countable is combinatorial in nature and is called asdiscrete optimization problem. It
can be shown that minimizing such an optimization functionri computer vision will indeed
lead to the optimal solution by using a Bayesian perspectiyidlaximum A Posteriori (MAP)
estimation) as is explained in Section 2.3.4.

A number of minimization methods have been developed whiclkcently minimize energy
function to obtain approximate solutions. Recently techrques based on calculating minimum
cuts on graphs have emerged as e cient energy minimization ethod. In this method the
data constraint and the prior constraint are applied as welgs on the edges of a graph. Such
that the cost of minimum cut on this graph which is a real numbecorresponds to a improved
solution to the energy function. We describe this techniqum detail in Section 2.4. Finally
in Section 2.5, we give an example of a Computer Vision probiewhich can be formulated
as an energy minimization problem and globally optimized irgy Graph Cuts in near linear
time.

The energy minimization approach has been used since long damputer vision for a
number of problems e.g. image restoration and reconstrueti [3, 4], shape from shad-
ing [5], stereo, motion and optical ow [6], texture [7, 8], dge detection [9], image seg-
mentation [10], perceptual grouping [11, 12], object mataing and recognition [13, 14] and
pose estimation [15]. Some of the recent works which are béisa optimization techniques
are prominently in single view [1] and multi-view stereo []6image restoration [4], texture
synthesis [17] etc.

2.2 Labeling Problem

A number of computer vision problems can be posed as labelipgoblems. For example
consider the problem of image segmentation: Here segmeagtian image boils down to the
problem of assigning a unique label out of two possible lakdb each pixel. The two possible
labels being either foreground or background.

A labeling problem is completely de ned by two sets : site sedind label set. The site set
is the set of image features e.g. the pixels in an image, imagggions, edges in an image
etc. which can have some properties and the label set is thess of properties which can
be assigned to site set e.g. in segmentation a pixel can be anefground or background. All
the members of the label set are possible candidates whichultbbe assigned to a particular
member of the site set. This leads to a very large set of podsibmappings as explained
below.



Let the set of sitesS and labelsL be denoted as
S f1,2;:::;mg:
L = flglo i ko

wherem is the number of sites andk is the number of labels. For segmenting an image of
sizeh w into foreground and background, we haven = h  w , k = 2, (I, = foreground
and |; = background). A labeling can be de ned as a functiorg which maps sites to labels
as

g:S! L:

Each possible mapping where all the sites i8 are assigned some label from the sét is
referred to as acon guration. Thus, the total number of possible labeling con gurationgO

is

Of | _Lz__4=Lt"

m times

which is exponential in size. One of these con gurations Wwibe the optimal con guration.
Since the search space of all possible labelinQss large, nding optimal labeling becomes
an NP - hard problem. An energy function encodes any partical labeling into an objec-
tive function and the value of that objective function becores a quantitative measure of
the goodness of the various labelings. A number of problems Computer Vision can be
addressed using this general framework of labeling:

Image SegmentationS = fpixelsg and L = f0; 1g (see [18]).

Stereo Reconstruction:S = f pixelsg and L = f disparities g (see [1]).
Texture Synthesis:S = f pixelsg and L = f patchegy (see [17]).

In the following section, we explain Markov Random Fields (RRF) and show its equiv-
alence to Maximum a Posteriori(MAP) estimate of underlyingabels given the input data.
This equivalence leads to the formulation of an energy furion which can be minimized
using Graph Cuts (Section 2.4)

2.3 Markov Random Fields

Markov Random Field (MRF) is a branch of probability theory for analyzing the spa-
tial or contextual dependencies of a physical phenomena. &lconcept of MRFs has its
origins from statistical physics where Ising used this mot& explain certain empirically ob-

served facts about ferromagnetic materials [19]. It is used a labeling problem to establish
probabilistic distributions of interacting labels at eachsite as follows.

each random variableF; takes a labell; in L. The family F is called arandom eld. We
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use the notationF; = |; to denote the event thatF; takes the labell;, and the notation

the eld. For a discrete label setL, the probability that random variable F; takes the
value |; is denoted Prf; = I;), abbreviated Pr(l;) and the joint probability is denoted

continuous label setL, we have probability density functions(pdf)p(F; = ;) and p(F = 1).
F is said to be a Markov Random Field or§ with respect to a neighborhood systenN if
and only if the following two conditions are satis ed:

1. Pr(F=1)> 0 81 2 F (Positivity).
2. Pr(lijlst ig) = Pr( ijln,) (Markovianity).

whereS f igis the set di erence,i is some site inSsuch thati  m, ls; ;g denotes the set
of labels at the remaining sites irS f ig and

||\|i = f|i0ji02 Nig:

denotes the set of labels at the sites neighboring The rst statement signi es that each
con guration of the labels is probable and the second stateant means that a label at a given
site i depends solely on the labeling of the neighbors iof We describe neighboring system
and the concept ofCliquesin the next section which are useful in showing the equivalea
of MRF to a Gibbs distribution.

2.3.1 Neighborhood System and Cliques

Neighborhood System: The sites in S are related to one another via a neighborhood
systemN which is de ned as

N = fN;j8i 2 Sg:
where N; is the set of sites neighboring the sité. The neighboring relationship has the
following properties.

1. A site is not neighboring to itself :i 2 N;j,

2. The neighboring relationship is mutual :i 2 N;o () i’ 2 N;.

For a regular lattice S, the neighboring set ofi : N; is de ned as the set of nearby sites
within a radius of r. Thus,

N; = fi’ 2 Sj[dist(pixel.o; pixel)]> 1;i’6 ig:

where dist(A; B) denotes the Euclidean distance betweeA and B and r takes an integer
value. Depending on the value af, the neighborhood systems can be classi ed into di erent
orders of neighborhood system e.g. rst order neighborhoaystem where any sitex 2 S
has 4 neighbors (See Fig. 2.1), second order neighborhoodteyn has 8 neighbors around
X (See Fig. 2.1). When the sites in a regular rectangular late S = f(i;j )j1  i;] ng
correspond to the pixels of am n image in the 2D plane, an internal site i(j ) has four
nearest neighbors abl;; = f(i  1;j);(i+1;j);(i;j 1);(i;j +1)gand a site at the boundary
has three and a site at the corner has two nearest neighbors.

9



Figure 2.1: The left shows a rst order neighborhood relatisship between sites and the
right shows a second order relationship. The numbers denotiee order of neighborhood
relationship.

Cliques: A 2D lattice corresponds to a regular graph where the vertiseof the graph
correspond to the sites and the edges in the graph correspotadthe neighborhood system
among the sites as described above. Thus a graph can be ded@sG, (S;N). A cliquein
a graph is a set of pairwise adjacent vertices, or in other wag, an induced subgraph which
is a complete graph. For example, in the graph shown in 2.2,rtiees 1, 2 and 5 form a
clique, because each has an edge to all the others. The setlmfues C in the graph G can

Figure 2.2: A graph containing a clique of size 3 marked witled circles

consist of singe sitec = fig, pair of neighboring sitesc = fi;i %, triple of neighboring sites
c= fi;i%i% and so on. Thus we can denote these cliques as

c. = fiji2 Sg
C, = ffii%ji°2 N;;i 2 Sg:
Cs = ffi;i%i%;ji;i%i%2 S are neighbors to one anothey.

The collection of all cliques of & N) is
C=Ci[ C[ G

In Fig. 2.3, we show the various sized cliques for a second @rcheighborhood system in a
2D lattice. As the order of the neighborhood system increasethe number of cligues grow
rapidly.

10
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Figure 2.3: Cliques of various sizes in a second order neighiiood system.

2.3.2 Gibbs Random Fields

A set of random variables- is said to be aGibbs Random Field (GRF)  on Swith respect
to the neighborhood systenmN if and only if its con gurations obey a Gibbs distribution. A
Gibbs distribution for a given labelingl has the following form

Pril=z 1 e tY0;
where X
Z = e TUO.
I12F

is the normalizing constant called the partition function a@d T is a constant called the
temperature and assumed to have a value of 1J(l) is called the energy function and is
given as X

uihy=  Ve(l):

c2C

which is a sum of clique potentialsV,(l) over all possible cliquesC. The value of V((I)
depends on the local con guration of the clique. Expanding the above equation in terms
of cliques of various sizes we get

X X X
ud) = Vi(li) + Vao(li; ljo) + V3(li; lio; lj00) +
fig2Cy fi;i9%92C> fi;i %i0¢Q2C3

An important special case is when only cliques of size up todvare considered. In this case,
the energy can also be written as

X X
u(l) = Va(li lio):

i2S i02N;

Thus, the Gibbs distribution for a particular labeling | can be given as

P P
Pr(l)= Z 1 e Toizs iozn; Va(lishio).
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2.3.3 Markov-Gibbs Equivalence

An MRF is characterized by its local property (the Markovianty) whereas a GRF is char-
acterized by its global property (the Gibbs distribution). The Hammersley-Cli ord theo-
rem [20] establishes the equivalence of these two types obperties. The theorem states
that F is an MRF on S with respect toN if and only if F is a GRF on S with respect toN .
A proof that a GRF is an MRF is given as follows. Let Prl) be a Gibbs distribution on S
with respect to the neighborhood systenN. Consider the conditional probability

Pr(li;Ist ig) _ 5 Pr(l)

Pr(lijlst ig) = Prllsr 1) oo PT9’
where [° = flg;iioh 1% et Ing is A con guration which agrees withl at all sites
except possiblyi. Using Pr()=2Z ' e «c¥()in the above equation, we get
- e | cVell
r(lijlst ig) = P e P

Now, the set of cliquesC can be divided into two setsA and B with A consisting of cliques
containing i and B with cliques not containingi. Then the above can be written as

P P
e waV%el) g eVl

Pr('iJ'Sf ig) =P 0 e P czAVc(lo) e ® cZBVC(IO)

P
BecauseV,(l) = V(19 for any clique c that does not containi, the term e  «2sV() cancels
from both the numerator and denominator. Therefore, this ppbability depends only on the

potentials of the cliques containing,

P
RRRYA()
P

Prlillss ig): P o€ ' C2AVC(|O):

that is, it depends on labels ati% neighbors. This proves that a Gibbs random eld is a
Markov Random Field. The reverse proof that an MRF is a GRF isigen in [21]. This
equivalence between MRF and GRF provides a simple way of sgging the joint probability
of the labelsl on the grid S. The joint probability Pr( F = 1) can be obtained by specifying the
clique potential functions V,(l) and choosing the appropriate potential functions accordg
to the problem. One of the classical potential functions ofgrwise cliquesC, is the Pott's

model where we have f1. 6 |
a1 ifli 6
Vo(1) = 5 otherwise

This simple case enforces the neighbor sites to have the sdatgel and is applicable to many
computer vision energy functions. A number of other poterdi functions are discussed in [22].

2.3.4 Maximum A Posteriori (MAP) - Markov Random Field
(MRF) Labeling

The realization of the labelingF = | is not accessible directly, rather it can only be realized ai
the observationd. Th conditional probability Pr( djl) is the link between the realization and

12



the observation. A classical method to estimate the con gation | is to use the Maximum
A Posteriori estimation as follows. Lets denote the obserdedata asd and the unknown
labeling con guration to be |I. For the case of images, let the set of sit€sbe all the pixel
positions in an image denoted a& and the size ofG is m. At each pixel location (;y) in
the grid G we have an observed variabld,.,, and an unknown labell(., which is drawn
from the set of labelsL. See Fig. 2.4 for an explanation of this realization setting The

Observed variable : d

I’ d, ’
@
- N

Unknow
Labeling : f
I “\“\ f(x y) ““\\“

|
|
\\ I “\“\“
. E_potential .

Figure 2.4: Labeling of observed variables where the unknowariables belong to a Markov
Random Field

E_data

posterior distribution of the labelingsl is given as Pr(jd). From Baye's theorem

argmaxPr(ljd) = argmax Pr(djl) Pr(l):
| |

where Pr(djl) is the likelihood of generating the observatiod and Pr(l) is the prior knowledge
about the structure of the unknown labeld. A simple likelihood formulation can be given
as

Pr(djl)= K exp( U(djl):
whereK is a constant and
X d)?,

VCIERIESS

i=1
The prior is given as
Pr(D=2Z texp U():

where from a Markov Random Field modeling of the unknown lalteeand a quadratic clique
potential function for pairwise cliques we have

X X
uiy=" V= (i 1 =

c2C i=1
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P
HereZ = ,exp U(l) and V,(l) is the clique potential de ned in cliquesc of size 2 in
the image gridG. This potential incorporates a smoothness constraint in # nal solution.
Thus the posterior becomes

Prjd) exp( U(djl)) exp U():

Taking a negative log of the above equation converts the mamization of probability to
minimization of an energy function. Mathematically speakig we have

U(ljd) u(djl) + U(l)
o gy X

2 ¢

(I >
i=1 i=1
Thus the MAP estimate becomes minimizing of the posterior engy

| =argmin U(ljd):
|

The energy functionU(ljd) is commonll:y written asE (1) and consist of two terms. The rst
term is called thedata term whichis =, ('—2"2)—2 and the second term is callegotential
term whichis T, (Ii | 1)?in the previous équation. As the names imply, the data term
is derived from the observed data and the potential term endes the clique potential of the
underlying labelings. Thus we write

E(I) = Edata(l) + Epotential (l)

where the data term has the general form of

X
Egaa () = Di(l):

i2S

which encodes the cost of assigning the lablelto pixel i or in other words how much does
labeling disagree. The potential term has the general fornf o

X
Epotential (l) = Vfi;j g(li; |j )I
fi;j g2N

which measure the amount of closeness in the labelings gitemeighboring pixel locations
andj. Thus, the procedure of the MAP-MRF approach for solving coputer vision problems
is summarized in the following:

Pose a vision problem as one of labeling and choose an appiajgr MRF representation
for the labelingl.

Formulate an energy function by deriving proper likelihoodand smoothness function

Find the MAP solution by solving the energy function using dicrete or continuous
optimization technique like Graph Cuts.

14



2.4 Optimization Using Graph Cuts

In this section, we give a brief overview of the various optirpation techniques in computer
vision. We describe one of the recent optimization technigs called Graph Cuts in detail in
the next section. Optimization problems are solved using timization techniques which can
be classi ed into globaland local optimization methods. The global methods nd the global
minima or maxima whereas the local techniques nd a local opha. If the initialization is
good or the optimization function is convex local technique nd global optima. A number
of techniques exist in literature for nding the optimal solution. Some of the global opti-
mization techniques are Simulated Annealing(discrete antbntinuous labels) [23, 24, 4, 25],
Graduated Non-Convexity(continuous labels) [26], Mean Eld Approximation [27], Dynamic
Programming [28], Graph cuts [29, 30] etc. and various lodaichniques are Variational Meth-
ods [6] in case of continuous labels and Iterated Conditionddes(ICM) [31] and Relaxation
Labeling methods [32, 33, 34] for discrete labels. Graph subave emerged has fast and
e cient global optimization technique for minimization of an energy function. This tech-
nique returns an approximate optima which is close to the gbal minima. In Section 2.4.1
we give basics of graph construction and the equivalence obximum ow and minimum
cut on these graphs. Later in Section 2.4.2, we explain howergy minimization functions
are mapped to a graph and the minimum cut on this graph correspds to a minimization
of the energy function. We describe the -expansion algorithm which does this mapping in
detail. In our work in this thesis, we have used this algorithh extensively.

2.4.1 Graphs and Maximum Flow-Minimum Cut in Vision

This section describes the structure of graph construction computer vision problems. Lets
denote the graph asG = hV;Ei where V denotes the nodes of the graph an& denotes
the edges of the graph connecting the nodes with each othen addition to these nodes,
another set of two speciakerminal nodes are present: thesource sand the sink t. Each
node connecting the nodep and q of the graph G is assigned a non negative weight(p; ).
The edges in the graph are divided into two groups: n-links ant-links. A n-link is an edge
connecting two non-terminal nodes. At-link connects a non-terminal node to a terminal
node,sort A stcut C E is a set of edges that satis es the following properties

the resulting graphG(C) = hV,E Ci separates the source nodefrom the sink node
t, such that there is no path linking the terminals.

there is no subset ofC that also separates the two terminals.

Such a cut partitions of the nodes in the graph into two disjoit subsetsS and T such that
the sources 2 S and the sinkt 2 T . See Fig. 2.5(b) for an example cut on a grapB. The
cost of this cutjCj is de ned as the sum of the weights of the edge connecting viedsp and
gsuchthatp2 S and q2 T with an additional constraint that the edges are directiona
i.e. only edges leaving theS part are taken into account and no edge fronT partto S are
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source source

S

(a) A Graph G (b) Acuton G

Figure 2.5: A cut on a graph. The width of the edges represeriise cost given to the edges.
The yellow edge denotes tha-links and the red and blue edges denote thdinks. The green
line denotes the cut on the graplG

considered. Thus, X
iCj= w(p; g):
p2S
q2T
(rg2C

The minimum cut problem is to nd the cut in a graph which is of minimum cost amag
all the cuts. It can be shown that the minimum cut in a graph is qual to the maximum
ow in the graph [35]. This is obvious from the fact that the anount of ow along a set of
edges from source to sink in a graph is limited by the edge witininimum capacity. Thus
the maximum ow value is equal to the cost of minimum cut.

2.4.2 Energy Minimization Using Graph Cuts

To solve energy minimization problems using Graph Cuts, theodesV of the graph G are
considered corresponding to the observed variables likex@i intensities, voxels, or other
features. Thus if the observed variablel (See Section 2.3.4) is the pixel intensities, the
graph corresponds to a rectangular image grid. The weight tiie edges between the nodes
of the graph are derived from the energy function as followsThe energy function is given
as,

E(I) = Edata(l) + Epotential (l)

In this graph, the t-links is derived from the data termEy,;s and the n-links are derived from
the smoothness or potential COSE yotenial - See Fig. 2.5 for an example of a two terminal
graph from [29]. The -expansion move algorithm introduced by [1, 36, 37] calcués the cut
C in such a specially constructed graph iteratively and redes the value of energy function
iteratively till an approximately global minima value of the energy function is reached. This
algorithm can be used whenever the smoothness teii(l;; ;) is a metric on the space of
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labelsL including a Pott's model. The Pott's model is given as

g . 1 ifL 8
Va1 =g otherwise
which means that the potential is 1 if its argument is true and otherwise.

An -expansion move algorithm works as follows. We consider &&ing| and a particular
label 2 L. Another labeling I°is de ned to be an -expansion move from if every pixel
either keeps its own label I? = ;) or switches to i.e.(I= ). This move is obtained by
nding the minimum cut in the special graph G. Thus the set of pixels having the label
increases as it moves from the labelingto 1°(See Fig. 2.6). If the energy of the new labeling

(a) (b)

Figure 2.6: Example of -expansion (a) Initial labeling (b) Final labeling obtainal after
-expansion on the red colored pixels

I%is less than the energy of the current labeling, the current labeling is changed to the
new labeling. This process is repeated for all the labelsbelonging to the set of labeld
till there is no decrease in energy. The nal labeling which & get is a local minima of the
energy function and is shown to be within a multiplicative fator of the global minima [1].
The complete alpha expansion algorithm is shown in Algorith 1.

1. Start with an arbitrary labeling |
2: Set success =0

3: repeat

4: for eachlabel 2L do

5: Find {'= argmin E (19 among1°within one -expansion of
6: if E()<E(l) then

7: setl = {'and success = 1
8: end if

9: end for

10: until  success =1

11: return |

Algorithm 1 : -expansion algorithm
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Since the number of labels is discrete and countable, the cplexity of the algorithm di-
rectly depends on the order of nding the expansion move witminimum energy in an opti-
mal manner. This requires that the minimum cut in such graphisould be found optimally. A
number of algorithms exist for nding the minimum cut in a grgph. The Ford-Fulkerson [35]
algorithm is a ow conserving algorithm and is based on the &h of augmenting paths. If
V = V is the number of nodes in the graplG and E = E is the number of edges, the
worst case complexity of this algorithm isO(EjCj) where C is the cost of the cut. The
Push-Relabel algorithm by [38, 39] is another set of algohins for nding maximum ow
in a graph. It is a non ow conserving algorithm. The worst cas complexity of this algo-
rithm is equal to O(EV?). Recently, Boykov and Kolmogorov in [40, 41] proposed a wer
e cient implementation of the augmenting path max ow ow co mputation algorithm. The
complexity of this algorithm is given asO(V EjCj) which in practice is almost linear in time.
In our we use this algorithm for minimizing the our energy fuations.

2.5 Example Problem

In this section, we will give an example Computer Vision prdem which is formulated in
discrete optimization framework and the resulting energyuhction is minimized using Graph
Cuts. This vision problem is the Shape from Stereo problem. &Will rst show that this

is a Labeling problem (See Section 2.2). The observatiahand the realizations| (See Sec-
tion 2.3.4) are a set of images called as stereo pairs and thspairity map respectively. Then
we will formulate a simple Energy Function using MAP-MRF eqivalence (See Section 2.3.4)
for this problem and show the obtained results.

2.5.1 Stereo Using Graph Cuts

The input is a left-right pair of images (et ; | rignt )taken from a stereo camera. The corre-
spondence between the image features (intensity) in the twgtereo pairs is directly propor-
tional to the depth of the objects in the scene. The value of th correspondence is measured
in terms of the amount of pixel shifts produced from the leftmage to the right image. This
shift is called asDisparity D. For each pixel in the left image, we can associate a disparit
value. Since it is measured in pixels, the values are dis@dh nature and a maximum value
of disparity can be set. Thus, the disparity becomes the labset L. Since the disparity is
being calculated for the left image, the pixel locations inhte left image become the siteS.

If the size of the image ifh  w and the maximum value of disparity isD ax, We have,

S = f1,2:::;h wg

L = f0;1,2:::;Dnmax0:
The data term Eyq, is de ned as the cost of giving a pixeb in | a disparity value of
D 2 L. Thus,

Edata(p; D) = ( IIeft (p) Iright (p+ D))z:
The smoothness termEgmoon IS de ned on cliques of size 2 (See end of Section 2.3.2) as the

Pott's model
Esmooth (Dp; Dq) =K (Dp = Dq):
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(@) left (B) Tright (c) disparity

Figure 2.7: Tsukuba data set (University of Tsukuba, Japan)a) The left image (b) The
right image (c) The corresponding disparity map obtained usg Graph Cuts [1]. The higher
the gray intensity value the closer is the object in the imagé the camera. Thus disparity
directly maps to the depth of objects in the scene.

where () is 1 if argument is true else it is 0 andD,, is the disparity at the pixel location p
and q= Np. The complete energy functiorE can be written as

X X
E(D) = Edata(p;D)+ Esmooth(Dp;Dq):
p2(h w) (p;a)i(a2Np)

Once the energy function is formulated, -expansion algorithm can be applied to get the set
of optimal disparities D opimum - The output result is shown in Figure 2.7(c).

2.6 Summary

In this chapter we have given an introduction to discrete opmnization techniques applied
in computer vision. We rst formulate an objective function called the energy function
based on the constraints of the Computer Vision problem at mal. These constraints are
obtained from the Markov Random Field nature of the variable of the function. Also, the
variables of this function are discrete in naturd.e. they take on discrete values only. An
optimization technique is then required which should nd tke global minima of this energy
function. Since nding the global minima of this function isan NP - hard problem, methods
which can nd approximate solutions close to the global mimha are developed. Graph Cuts
based minimization is one such recently developed optimi&zzn technique which is almost
linear in time in practice and gives excellent results.

Due to the abundance of Computer Vision problems which haveebn formulated in a
discrete optimization framework, propose another two prdems in this thesis, which can be
formulated in this framework. These problems are related tomaging and depth estimation
in vision. We give a brief overview of Imaging and Depth in Coputer Vision in the next
chapter.
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Chapter 3

Preliminaries : Imaging and Depth

3.1 Introduction

An image captures the three dimensional world in a still picire. In order to obtain an
image, one must capture the light being re ected from the olects in the world. This can
be done by using ainhole Camera A pinhole camera consists of a setup where the light
rays are allowed to pass through a small hole called &gerture and fall on a translucent
screen which acts like a sensor plane. This is shown in Figudel(a). In order to produce
and image which is reasonably clear, the aperture has to hued times smaller than the
distance of the screen. Th&hutter of a camera is de ned as the device which allows for the
light to pass through the aperture for a determined period dime called asExposure For a
pinhole camera the shutter is a light proof material which aaallow and stop the passage of
light. Since the amount of light entering through the apertwe of pinhole is small, the image
produced on the screen will be dark. In order to get better qlity image, the exposure
time can be increased, usually being from 5 seconds to hoursdays. The image formed
by a pinhole camera is a sharp image as everything is in focus shown in Figure 3.1(c).
The geometry of image formation using a pinhole camera is st Figure 3.1(b), where an

1 (6] f  Screen Location

(b)

Figure 3.1: (a) A pinhole camera. (b) Pinhole camera geomgtwhere the light rays from
a world point P are passing through the pinholé and getting imaged atQ. (c) A sample
image obtained from a pinhole camera. The image is dark nedret edges of the image due
to the lesser amount of light getting passed through the pirdie.

20



object at P gets imaged on the screen located &. The distance of this screeri from the
optic center O is referred to as theFocal Lengthof the camera. Since the aperture size of

W‘ 7 e | Pinhole Lens
i Q
g A P V P Q
(b)

(@)

=) Lens

‘ K f Screen Location
1

Optical Axis (0]

Y
A

-
-

u v Q

() (d)

Figure 3.2: (a) A Glass Lens which can be used in a pinhole came(b) Larger amount of
light is captured by a lens compared to a pinholeP is the object in the 3D world andQ is
its image. As can be seen lesser amount of light is getting tremitted through a pin hole
compared to a lens. (c) The image formation model by a lens. )(& sample image formed
using a camera with a glass lens. (e) Blur model for a thin lersamera where an object
point P is getting imaged with blur of radiusR on the sensor plane.

the pinhole cameras is small, only a small set of rays from antiaular point on a three
dimensional object hit the screen. This results in imagesroed by a pinhole camera to be
darker (See Figure 3.1). To alleviate this problem , &lass Lenss introduced in the pinhole
camera geometry by placing it in the pin hole. A lens is a optid device (See Figure 3.2)(a)
which has an axial symmetry and can transmit and refract ligh either concentrating it or
diverging it. Thus a lens can capture larger amount of lightrbm a point in the world and
concentrate it on one single point as shown in Figure 3.2(b)'his makes lenses suitable of
capturing better and brighter images. TheFocal Lengthof a lens is de ned as the point
where all the rays coming from in nity which are parallel theoptical axis converge after
refracting from a convex lens. For a thin lens, th@hin Lens Formula relates the distance
of an object (u) with the distance of the image formed on the sensor plang)(via the focal
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length (f ) of the lens as
1

1 1
— 4+ =
u v f
The traditional lens cameras capture the light energy on photographic Im or photographic
plate. Nowadays, digital cameras are used for image capturing atitey use aCharged Couple
Device (CCD) sensor for capturing the light energy. This energy can be st as bits in the
computer memory and thusDigital images are created. A CCD is a rectangular grid in shape
as shown in Figure 3.3 where each square in the grid corresgsrto a pixel in an image.
A Pixel is de ned as a single graphic point in an image. Unlike the ingge capture using a
pinhole camera where all the object distances are in focusy anage captured on a CCD
sensor has a limited range of object distances in focus. Thange is dependent on the size
of the square on a CCD grid and is referred to as theepth of Fieldof the camera. This is
explained in Figure 3.3(b). Due to the limited depth of eld the objects which are out of the
depth range, get imaged with some amount d@lur, i.e. some parts of the image are sharp
whereas other parts are blurred. This is shown in Figure 3. The Field of Viem(FOV)
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Figure 3.3: (a) A CCD array whose each square is of size ®hich is the physical size of 1
pixel in an image captured on this CCD. (b) The depth of eld isthe range of depths which
will get imaged in focus inside a CCD square of widthc2

of the camera is de ned as the part of the three dimensional wd which is projected onto
the imaging devicei.e. the CCD sensor. An image captured using a conventional caraer
has a small eld of view as shown in Figure 3.4(a). Usually alger eld of view as shown
in Figure 3.4(b) is desirable. Such an image which covers adar horizontal FOV is called
a Panoramic Mosaic

Thus, up till now we have come across three major drawbacks @fiens based camera:

The camera has a limited Depth of Field. This can cause blumy the captured images
The Field of View is small. A larger eld of view is desirable.

In order to alleviate this problem a new imaging camera was @posed in by Krishnan and
Ahuja in [2]. For our work on Imaging in Chapter 4 in this thesis, we have used images
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Figure 3.4: (a) A small Field of View of a scene which is equiat to a Human FOV (b)
A large FOV image of the same scene. This is called a Panoranhilosaic as it covers the
complete 360 angle horizontally.

captured by this camera to obtain a Panoramic Mosaic which @&s not contain any blur.
Such an image is called as a®@mnifocus Image( Omni = Everywhere, Focus = Sharp ).
We also use these images to propose techniquesDapth Estimation of a three dimensional
scene in Chapter 6. We give a brief overview of this camera ihg next Section and the
properties of the images generated by this camera.

3.2 Non frontal Imaging Camera : NICAM

In order to obtain large panoramic images where all the objescare in focus, the conventional
technique using frontal sensor involves two mechanical mons : (a) panning the camera and
(b) for each pan angle focussing the camera on each depth. Jtheads to slower acquisition
of an omnifocus image.e. an image in which all the depths appear in focus. In order to
make this process fast and easy a new camera model was progdee[2, 42, 43]. In our
experiments for omnifocus imaging and depth from focus, wesed this camera for image
acquisition. Here we give a brief over view of the camera antie characteristics of the
image captured by this camera. Normally, the sensor of a conam camera isFrontal in
nature as shown in Figure 3.5(a). Owing to the thin lens equimn 1 + & = 1 whereu is the
depth of scene point and is the focussed image distance, this leads to only one pauiar
depth in the 3D world getting focussed at a time in image. To gdure di erent depths in
focus, the frontal sensor is moved along the optical axis. ®changes the image distance
and thus a volume of three-dimensional space gets coverechelshape of this region looks
like the frustum of a cone as shown in Figure 3.5(b). It can beoted that since the eld
of view of such cameras is limited they cannot be used to geagr panoramic omnifocus
images. An alternative method for panorama generation forush cameras is to follow a
tedious procedure of rotating the camera about the opticalxégs and at each rotation angle
taking multiple images with di erent depths in focus.

We consider a situation where the CCD sensor plane is tiltedithv respect to the lens.
In such a situation, di erent sensor surface points are at ddrent distances from the lens,
then depending upon where on the sensor surface the image o$cgne point is formed,
the imaging parameter of image distance will assume di erent values. This means that
by controlling only the pan angle, both the goals of capturig images at di erent depths
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Sharp focus surface
sweeps a volume .-~

Objects in this
plane will be

sharply focussed

by the camera Camera parameters

change with time

(@) (b)

Frontal Sensor Plane \ /
in a conventional CCD Y
camera

Figure 3.5: (a) A planar surface gets sharply focussed on affital CCD plane. (b) A frustum
of cone is formed in the three-dimensional region due to theavement of the sensor plane
along the optical axis. All the objects in this region get imged sharply in at least one of
the positions of the sensor plane.

and scanning a larger visual eld can be achieved. This nomamdard con guration of a
camera which images each scene point at di erent sensor sgé points which are at various
distances from the lens is called Blon-Frontal camera

This non-frontal sensor plane con guration can be achievelly two methods. The rst
method is to rotate the camera about the lens center and keehpd lens tilted by some angle
(See Figure 3.6(a)). This causes the optical axis to intersethe the CCD array at a di erent
location. As the camera is also being rotated about the optit axis, with each moving angle
of the panning camera, a particular object will get imaged ati erent imaging locations.
These locations will increase and decrease the imaging distev of the sensor plane from the
lens center. But such a set up leads to large optical aberratis in the bordering parts of the
image which are not desirable. Thus, a second con guratios considered where the sensor
plane is tilted with respect to its frontal position (See Figre 3.6(b)). This also results
in varying v as the camera rotates, but the image point where the opticalxe intersects
with the CCD surface remains constant thus leading to no optal abberations. Such a
con guration is shown in Figure 3.6(b). The schematic diagim of the resulting camera is
shown in Figure 3.6(c). Consider an object point at an angle from the optical axis. For
di erent angles , the sensor distance$OCj and jODj from the lens center to the sensor
plane are di erent and are given by

. cos . .. dcos cos
J cos( ) J cos( ) 3.1)
The lens law for such a tilted sensor camera is given as
1 1 1
o+ == (3.2)
U d+ AC sin f

Since for a tilted sensor planey varies linearly with position along the plane, it follows fom
the lens law that the corresponding sharply focussed(SF) ace is a plane along which the
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Figure 3.6: (a) The lens has been tilted which causes optiaatis to intersect the CCD array
at di erent locations. (b) NICAM: The CCD array is tilted wit h respect to the lesn (c)
Schematic model of NICAM.

u value mirrors thev variation. The SF surface is shown in Figure 3.7(a). The volae swept
by the SF surface as the camera is rotated is shown in Figure/@). If the camera turns
about the lens center O by an angle, then the same object point considered earlier will
now be seen at an angle + from the new optical axis. The new image distance for the
object point will be given by the equation:

.. _dcos cos( + )
jODj = cos( + ) (3.3)

As the angle increases, the image distance also increases. At some paifair angle, the
image will appear perfectly focussed and as the angle furthacreases, the image will again
go out of focus. By identifying the angle at which the object point appears in sharp focus,
we can calculate the focus distance, and then from the lensMathe object distance. As the
camera rotates about the lens center to increase new parts of the scene enter the image at
the left edge of the image and some previously imaged partsteat the right edge. The entire
360 degree panoramic scene can be imaged and the omnifocuagenand range estimated
by completely rotating the camera once. Using the images gaated from aNICAM , we
propose the new techniques of omnifocus imaging in an digereptimization framework.
and also provide a novel focus measure calculation techngqwhich is based on a generative
model in Chapter 4.

3.3 Shape From X

One of the basic goals of computer vision is to predict the sha of a three-dimensional
scene by extracting information from two-dimensional imagg of that scene. Given an image
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Figure 3.7: (a) The SF surface for the proposed camera with dté¢d sensor plane. The SF
surface is not parallel to the lens and the optical axis is ngierpendicular to the SF surface.
(b) The cross-section of the 3D volume traversed by the rotain of a non-frontal camera.
Each thick line indicates the position of the SF surface at dirent panning angles of the
camera.

a number of cues can be used to infer the shape or depth of theigas objects in the scene.
Since the current work uses focus/defocus criteria for sha@nd appearance estimation we
give a brief overview of the previous work done in this eld.

3.3.1 Shape From Focus/Defocus

Due to the thin lens equation, imaging results in only a partiular plane coming into focus
and thus generating blurring in other parts of the image. Th blur can be used as a cue for
depth estimation in a scene. The techniques which use thisector shape recovery are known
as Shape From Focus(SFFwhen the sharpness of the scene indicates how focussed itnd a
Shape From Defocus(SFDyvhen the blur parameter is explicitly calculated and geomet of
the scene inferred. Since focus and depth are directly rega, One of the earliest approaches
for depth estimation was by Pentland [44, 45] where he used &nphole image which is a
sharp image and a large aperture image which will contain bisito estimate change in focus
which is related the the depth. In Shape from focus, a numberf anages of the scene are
taken such that each image captures di erent depth planes a@he three-dimensional world
in focus. This results in same world point getting imaged wit varying amounts of blur in
each image. The goal is to choose the image point from the ingaigp which it is imaged with
minimum or zero blur. Once that image is obtained, using theatnera parameters and the
thin lens equation the depth of that particular image point @an be obtained. This requires
calculating a focus measure function at each pixel locatiomhich is nothing but how sharp
an image region around a pixel is. Thus, a number of focus maass have been proposed in
literature which capture the high frequency components ine image like gradients, laplacian
and energy of the texture. Darrel et al. [46] generate Laplan and Gaussian pyramids to
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calculate the sharpness map of scene using pipelined imagegessing hardware. Horn [47]
describes a Fourier-transform method in which the normaka high-frequency energy from
a 1-D FFT is used as an objective criterion. Tenenbaum [48] es a thresholded gradient
magnitude in which the Sobel operators are used to estimatbéd gradient. The criterion
function used is the sum of gradient energy over a local wingdocentered around all pixel
locations in the image. This has also been used by Krotkov [4®hich also does a Fibonacci
search over the focus measure pro le for any pixel locationcess the set of multi focus
images. Jarvis [50] suggests sharpness measures based topgn variance and gradient.
Nayar et al. [51] has developed a sum-modi ed-Laplacian ofor to obtain local measures
of the quality of image focus. Subbarao et al. [52] proposaseegy maximization of un ltered,
low-pass ltered, high-pass Itered and band-pass lteredmages as focus measure functions.
Shafer et al. [53] propose a combination of Fibonacci sear@hd curve tting for nding the
minima of the Tenegrad focus criteria based error pro le to lstain accurate minima. Due
to window based approach and local equifocal assumption imrezentional focus measure,
these techniques result in artifacts near the edges in the age. Ning et al. [54] propose a
focus measure which handles artifacts at these edges and lgggraph cuts to obtain smooth
omnifocus image.

Shape from Defocus or SFD takes advantage of the fact that delus produced in an
image is related to the geometry of the scene and thus it is msilsle to estimate geometry
by measuring the amount of defocus in an image. Earlier tedgues modeled shape and
appearance from defocus as a Markov random eld [55, 56, 58] %ut the computational
cost of theses techniques seems to be high. Surya et al. [588dia spatial domain convo-
lution/deconvolution approach for SFD. In [60], an active llumination pattern is projected
on the scene and a defocussed set of images is captured whicthén used for shape esti-
mation. A multi resolution local frequency representatiorof the input defocus image pair
estimates the blur in the scene and geometry of the scene istaibed in [61]. Soatto et
al. [62] study and analyze accommodation cues for shape mestouction. Accommodation
cues are de ned as all measurable properties of images whate associated with a change
in the geometry of the imaging device. Soatto et al. [63] proge a solution to the generic
bilinear calibration estimation problem and use that solubn for 3D scene reconstruction
from defocussed images. In [64], an optimal method to infeD3yeometry from defocused
images is proposed that involves computing orthogonal oors which are regularized via
functional singular value decomposition. A review on othgpopular cues forShape From X
is given in Table. 3.1:

3.4 Background Subtraction

Background subtraction is a class of technique for segmemgi out objects of interest in a
scene for applications such as surveillance or tracking. itivolves comparing an observed
image with an estimate of the image if it contained no objectef interest. The portion of

the image where there is a signi cant di erence between thebserved and the estimated
image indicates the presence of objects of interest. A numiba& techniques are proposed in
literature for background removal. In [105], a pixel is mamkd as foreground if

jli B>
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Image Cue
X

Shape Estimation Techniques from X

References

Shading

Shape from shading(SFS) deals with the reco

ery of shape from a gradual variation of shading Szeliski,1991[65]

in an image. Assuming lambertian model of im
age formation the aim is to recover light source
and the surface shape at each pixel in the imag
SFS techniques can be divided into four groups
minimization approaches obtain the solution by
minimizing the energy function [5, 65, 66, 67]
Propagation approaches propagate the shape i
formation from a set of surface points to the
whole image [68, 69, 70]. Local approaches ¢
rive the shape based on the assumption of surfa
type [71, 72]. Linear approaches compute the s
lution based on the linearization of the re ectance
map [73, 74].

-lkeuchi and Horn,1981[5]

+ Zheng and
> Chellappa,1991[66]
eVaga and Yang,1993[67]
5:Horn,1970[68]

Oliensis and
. Dupuis,1992[69]
nBichsel and
Pentland,1992[70]
ePentland,1984[71]
céee and Rosenfeld,1985[72
bPentland,1988[73]
Tsai and Shah,1994[74]

Stereo

Shape from stereo uses a pair or more numb
of stereo images to calculate the disparity be
tween the image features in the frames. Sing
the disparity is inversely proportional to depth,
this leads to depth estimation. This technique is
based on the major problem of obtaining accurat
correspondence between the image features in t
images. The image features being used can be
ther sparse e.g. harris corners or SIFT features (
it can be dense based in pixel intensity values 3
each pixel location. The correspondence proble
can be solved e ciently by formulating an error
function which can be solved using dynamic pro

gramming [75, 76], graph based methods [77, 1],
belief propagation [78], simulated annealing [79]

etc. In multi-view stereo, there are multiple views
of the scene to obtain the three-dimensional in

eOhta and Kanade,1985[75]

-Cox et al. 1996([76]

eRoy and Cox,1998[77]
Boykov et al. 2001[1]
Sun et al. 2003[78]

e Barnard,1989[79]

n€éurukawa and

eRonce,2006,2007[80, 81]

rKolmogrov and

itZabih,2002[16]
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formation about the scene [80, 81, 16, 82]

28



Motion

Structure or Shape From Motion(SFM) refers to

Koenderink and

the process of building a 3D model from videp Doorn,1991[83]

of a moving rigid object. In structure from mo-
tion, given the images taken at di erent points in
time or space the goal is to recover the three d
mensional con guration of these points and the
camera con gurations. Koenderink et al. [83]
proposed a geometric a ne scene reconstructio
from two images. SFM from a sequence of in
ages was solved by [84] where they exploited tk
a ne structure of a ne images in a robust fac-
torization method through singular value decom-
position of a measurement matrix. The Cholesky
approach to the same problem is due to [85
Various extensions of their approach have bee
proposed recently, including the incremental re
covery of structure and motion [86, 87]. The fac
torization approach has been generalized to pe
spective case [88], to incorporate uncertainty [89
for independent moving objects [90], articulateg
objects [91], for dynamic objects [92, 93] and wit
outliers and missing points [94]

Tomasi and
Kanade,1992[84]
-Poelman and
Kanade,1997[85]

Weinshall and
nTomasi,1995[86]
-Morita and
néKanade,1997[87]
Sturm and Triggs,1996[88]
Irani and Anandan,2002[89]
Costeira and
|.Kanade,1994[90]
nyan and Pollefeys,2005[91]
- Bregler et al. 2001[92]
- Brand,2001[93]
r-Jacobs,2001[94]
I,
I
h

Texture

The basic principle behind shape from tex
ture(SFT) is the distortion of the individual tex-

els. Their variation across the image allows t(
estimate the shape of the observed surface. Tt
shape reconstruction exploits perspective distof
tion, which makes objects far from the cam
era appear smaller, and foreshortening distortion
which makes objects not parallel to the imagg¢
plane shorter. The amount of both distortions
can be measured (shape distortion and disto
tion gradient) from an image. Gibson [95] was
the rst to suggest the human perception of 3D
is e ected by texture gradients. Early work on
shape from texture were feature based [96, 97, 9
An alternative approach uses spectral informa
tion [99, 100] like Fourier transform, wavelet de;
composition and Gabor transform. Most of the
techniques notably [101, 102, 103] assumed th
the textures were stationary. Forsyth [104] in hig

work solves SFT without making any assumpz
tions of isotropic, homogeneity or stationary as

was done by earlier works.

+ Gibson,1950[95]
Witkin,1981[96]

D Ohta et al. 1981[97]

ndBlostein and

-Ahuja,1989[98]

+ Bajcsy and

,Lieberman,1976[99]

= Brown and
Shvaytser,1990[100]

-Garding,1992[101]

5 Malik and

Rosenholtz,1993[102]

Clerc and Mallat,2002[103]

3.obay and

- Forsyth,2006[104]

at

Table 3.1: Summary of Techniques for Obtaining Shape from ¥aus Image Cues.

29



where is a prede ned threshold. The background is obtained and uded as
Bter = | ¢+ (1 )Bt

Further corrections are made as if a pixel is marked as foregmd for more thanm of the
last M frames, then the background is updated aB.; = |;. This compensates for sudden
illumination changes and the appearance of static new objsc Also, if a pixel changes state
frequently from foreground to background it is masked as feground. This compensates
for uctuating illumination. But these simple methods are nsitive to threshold and the
information of nearby pixels in not used. Thus other methodsvere developed which could
use high level information like tracking the object in the feeground and learning its appear-
ance [106, 107]. Elgammal [108] proposed a kernel densitysé@d estimate and Han [109]
proposed a mean shift based estimation technique for backgnd PDF. Eigenbackgrounds
was proposed in [110]. In [111, 112] the pixel value distritbon over time is modeled as an
autoregressive process. In [113] Hidden Markov Models wersed.

3.4.1 Continuous Optimization: Gaussian Mixture Model

Single gaussian modeling of the pixel intensities acrossg at a particular image location
was proposed in [114]. However to handle complex intensitygdes across timei.e. to
handle multi modal background distributions, mixture modés were required. Pixel-wise
Gaussian mixture model (GMM) was rst proposed for backgromd subtraction in [115] in
an EM framework. One of the more common techniques of GMM mdidey and updating
was proposed in [116, 117, 118] and it was later improved [1B5d made e cient by [120].

modeled as a mixture oK gaussians. The probability of observing the current pixelalue

is
X

P(ly) = e 2 (e iy i)
i=1
where K is the number of gaussians! ; is the weight, ;; is the mean and ;. is the
covariance matrix of thei™ Gaussian in the mixture at timet. is a Gaussian probability
density function

(i )= ——= e 3 07 o
(2)z2) j2
kt = k2l

Every time a new pixel valuel, is checked against the existind Gaussian distributions,
until a match is found. A match is de ned as a pixel value withn 2:5 standard deviations of a
distribution. If none of the K distributions match the current pixel value, the least prolable
distribution is replaced with a distribution with the current value as its mean value, an
initially high variance and low prior weight. The prior weights of the K distributions at time
t, ! v+ are updated as follows

e = (1 Vit 1+ (M)
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where is the learning rate andMy. is 1 for the model which matched and O for the
remaining models. The weights are then re normalized. The and parameters for the
unmatched distribution remain the same. The parameters ohe distribution which matches
the new observation are updated as follows

e = @ )t Iy
=@ ).t (e 970w
where
= (Id w «
The foreground at a pixel location are detected as follows. hE Gaussians are ordered by
the value of!= . Thus higher importance are given to the components with mbgvidence

and lowest variance which are assumed to be the backgroundhdl rst B distributions are
chosen as the background model, where
!

B =argmin e>T
b k=1

So, if I; does not match one of thes® components, the pixel is marked as foreground.
Foreground pixels are then segmented into regions using anoected component labeling.

3.4.2 Discrete Optimization: Graph Cuts

Due to the recent development in fast optimization algoritins for computer vision problems,
few techniques based on discrete optimization frameworkvebeen proposed for background
removal. In Cohen [121], background removal from a set of iga frames is modeled as a
foreground lling problem. An image from the video from whib the background is to be
removed is chosen. A set of images are taken which were theeddse and after this frame.
This set of images becomes the label set. In an energy miniatibn framework, the data
term becomes the cost of assigning the intensity from the mgiboring frames to the input
frame, such that the cost of labels containing intensity fnm background model is minimum.
The smoothness cost is a quadratic function of the labels okighboring pixel locations.
Once the energy function is formulated, it can be minimizedsing modi ed alpha expansion
technique from [1]. This technique was later enhanced by agi subspace based techniques to
obtain better data term by [122]. Then the problem is framed sthat of a labeling problem,
where the labels are the indexes of the input image frames.

3.5 Summary

In this chapter, we have reviewed the process of image acqiiog using a Non-frontal Imag-
ing camera (NICAM). A conventional imaging process in not db to generate an image which
has a wide eld of view and also has a large depth of eld. NICAMroposes a unigue way
of image capturing which after post processing guarantees a cient method of alleviating
both of the above problems. The algorithms of post procesgirare critical and in this work,
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we propose new algorithms based on these lines for Omnifo¢oging in Chapter 4. Thus
we have used images acquired from a NICAM for our work. Deptltstamation is another
goal of Computer Vision research, where features obtained an image have to be used to
infer the structure of the three dimensional world. We haveaviewed a number of image
features or cues have been used for depth estimation. In Chep6, we have proposed new
techniques for depth estimation which uses focus/defocusecfrom a set of images. The last
part of this chapter reviews various background removal teaiques. Background removal is
critical to video surveillance and tracking as it helps rema@l of redundant information. We
have reviewed many techniques in continuous and discretetimpization framework which
do background removal. In Chapter 5, we rst apply an existig continuous optimization
background removal technique to a real world computer visioproblem. Then for the same
problem we propose a novel discrete optimization based atglom for background removal.
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Chapter 4

Omnifocus Imaging

4.1 Introduction

Many computer vision algorithms for object recognition, irage segmentation etc. require
high quality images as input. We de ne high quality imaging a the process which generates
images that are sharp and do not contain any blurred regionsSuch an image can be
generated only if all the objects in the three dimensional wigl are getting imaged with
focus. But the conventional cameras su er from the limitaton that they have a limited
depth of eld. This means that they can capture only one partular depth in focus in one
image. Thus in order to generate an image where everything fiscussed, we rst need to
capture a series of images each focussing at di erent depthBhis set of images is referred
as multifocus images. Then these set of images are to be fusegether into one completely
focussed image based on some fusing criteria and which ieredd to as a focus measure.
The fused image is referred as an omnifocus image as it is fesed throughout the image.
Speci cally, the complete procedure of omnifocus imagingan be decomposed into three
steps.

In the rst step the input images are captured using a speciatamera called as a Non-
frontal Imaging Camera or NICAM. The tilted sensor of the carara captures a sequence of
images with each objects gets imaged with varying degreeshdfir and simultaneously the
panning motion of the camera covers a large eld of view. Ondée images are captured
they need to be fused together. This is done by registering éhimages such that there
is pixel level alignment between them. A number of existingegistration techniques use
image based features for registration. But in our case we leto register images in which
a pixel is blurred with varying degrees of blur and thus we canot use image features for
registration. In order to solve this problem we have devela@g a camera calibration based
image registration technique where the NICAM is calibratedrst and then the estimated
intrinsic and extrinsic parameters of the camera are used tegister the images.

The second and third step are summarized as follows. Most dfet vision based techniques
formulate an error function and then apply an optimization nethod to obtain the parameters
which would minimize this error. The error function in our cae is the focus measure which
is being applied while fusing the input images to obtain theekired omnifocused image. This
measure should be accurate and model the fusion process bethan previously proposed
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focus measures. It should also be robust to the small regition errors which could not be
taken care of during the calibration based registration preess. We have developed a window
based generative model focus criteria which is robust to riefration errors and does not suf-
fer from the drawbacks of conventional techniques. Next weead an optimization method
to minimize our error function. An optimization framework is critical to current computer
vision algorithms as their mathematical basis is well undstood and they are easily em-
ployable on many computer vision problems. An optimizatiorbased formulation yields an
optimal solution if the objective function can be solved to lotain the global extrema. Since
the optimization functions in vision problems involve a lage number of variables they be-
come combinatorial in nature and conventional optimizatio techniques become exponential
in run time. As is true with any eld of science, the nal goal for any solution to a computer
vision problem is that they could be used for real world visiosystems. This would require
the proposed solution to be fast so that it could run in real the and be as accurate as
possible. As the problem of omnifocus imaging takes a numbafrlarge images as input, this
requires an optimization technique which would quickly corerge to give accurate results.
With the advent of Markov Random Fields (MRF) in low level vison [4] and new approxi-
mate combinatorial optimization techniques like Graph cug [1] and belief propagation [123],
solving them in polynomial time has become feasible. We proge a optimization framework
based formulation of the error function and thus incorpora the additional advantage of
smoothness to the nal solution of omnifocus image.

The remainder of the chapter is organized as follows. In Sewmt 4.2, a new camera
calibration technique has been proposed. This method can bsed for registration of images
generated from a NICAM [2]. This is followed by a discrete ophization based framework
for omnifocus imaging in Section 4.3. In the last Section 4.4e propose a Generative focus
measure for omnifocus imaging. We summarize in Section 4.5.

4.2 Non-Linear Calibration

A panning camera rotates about an axis passing through the tp center in discrete steps
and at each step it captures an image. Thus it covers a largeotizontal eld of view. An
example of such a camera is NICAM which captures multifocusages while panning. This
camera di ers from conventional panning cameras in that it bs a tilted sensor plane (See
Figure. 4.8(a) & (b)). At each pan angle, an image of the scen® captured such that some of
the depths are in focus and the others are blurred. Since tleeis blurring in the images, image
based features are not useful for accurate registration dfd images. But since the camera is
at hand, the parameters of the camera can be used to back-pegoj each input image onto a
three dimensional world and register the images. If the chliation parameters are accurate,
this will lead to pixel level registration. Conventional caneras have the intrinsic and extrinsic
parameters as their calibration parameters. In NICAM, for egistration purposes we need
to know other parameters also like the tilt of the CCD sensorThe sensor tilt value is also
used while calculating the new focus measure developed irct8® 4.4. The set up of the
panning camera is shown in Figure 4.2. The various paramesewhich need to be estimated
are the angle parameters of the axes associated with the camestage and board (Explained
in Section 4.2.2).
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Our contribution lies in formulating a non-linear error furction in terms of the calibration
parameters whose optimum value returns the various calitian parameters. As a pre -
processing step to the main calibration, we also present avab pan - centering algorithm,
such that the panning camera become single view - point acsothe panning axis. This has
the advantage that some of the calibration parameters get axed value and the order of non
- linearity of the error function reduces.

4.2.1 Pan - Centering

Pan - centering is an important part of the main calibration ep. It brings all the coordinate
systems associated with the panning camera system (as shawirigure 4.2) to coincide with
each other and thus reduces the mathematical complexity dfi¢ whole calibration procedure.
The panning camera is mounted on a stage via a exible set ofifds which has two degrees
of freedom in the plane parallel to the ground. In order to makthe camera single viewpoint
or pan - centered, we need to move the camera in the horizontgéts call it y axis) and
vertical (and lets call it z axis) directions such that the rotation axis coincides withthe
vertical axis of the lens. Thus the problem now is to decide éhamount of shift iny and z
directions. This is achieved by the following iterative algrithm. We start by capturing a
set of images of a checkerboard pattern by panning the camendsing each of these images
and the Matlab camera calibration toolbox [124] we obtain tl extrinsic parameters for each
of the camera positions. Since the camera calibration toak assumes that the camera is a
pinhole camera, we have to make NICAM pinhole. This is done hyducing the aperture
of the camera and increasing the lighting in the scene. The t@lned extrinsic parameters
return the location of the camera for each of the input imageslf the camera is not pan -
centered, we hypothesize that these camera positions wik lon an elliptical curve inxyz
space. This will be caused as the camera will be rotating akltosome other axis other than
the axis passing through the optical center. On doing the expiments we observed that
indeed the camera centers were located on an ellipse as carseen from Figure 4.1. Next
we project these camera positions on the plane perpendicuta the lens rotation axis and
t a circle to it. The center of this circle gives the initial estimate of the amount of x and
y displacements required by the camera to make it pan - centat. We repeat the above
procedure till the radius of the calculated circle becomesegligible i.e. the rotation axis
coincides with the lens axis.

4.2.2 Non- Linear Solution

We de ne the following components of the setup for calibratig a panning camera.
BOARD(B) : This is a checkered board whose corners are used @alibration.
WORLD(W) : This is the base on which the rotating stage is kept

STAGE(S) : This is the stage, which rotates with xed angles.The camera is kept on
it and can move in y and z directions.

CAMERA(C) : A camera which can move is mounted on the stage.
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Figure 4.1: (a) The camera positions obtained from extrinsiparameters of each image. (b)
The 3D poses form an elliptical structure in XYZ plane. (c) A tcle is t to the projection
of the 3D poses on the YZ plane. The error in pan centering is px 9.4 mm. (d) After
applying our algorithm, the error in pan centering reducesa 0.4 mm.

The corresponding camera coordinate systems are de ned a§ Y'; Z)g-w=s=c. The coordi-
nate axes are as de ned in Figure 4.2. After pan centering, ¢hcenter of world, stage and
camera coordinate systems coincide with each other. Withbloss of generality,Xs can be
assumed to be aligned wittX,,. Since the stage rotates at xed angles, th¥ Z; plane di ers
from the Y Z,, plane by xed angles. The orientation of the camera coordina system is
assumed to be at any arbitrary angle with respect to the stagend world coordinates. Next
we de ne the following transformations occurring betweenierent coordinate systems.

Tc g = Transformation from the Board Coordinate System to CameraCoordinate
System.

Tw s = Transformation from the Board Coordinate System to World ordinate
System.

Ts w = Transformation from the World Coordinate System to Stage ©ordinate Sys-
tem.

Tc s = Transformation from the Stage Coordinate System to Camer&oordinate
System.
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Figure 4.2: Sketch of placement of calibration board, cameer stage and the associated
rotation matrices.

Each of the above transformations can be broken down into ration matrix and translation
vectors as follows. There is any arbitrary transformation Wich maps board coordinates into
world coordinate frame.

TW B — O 1 . ( . )

The stage rotates with angles of increment. Thus we can write,

Ry O
Ts w = OX 1 (4.2)

R-x is a known matrix. The stage to camera matrix has the translan component O as
the camera was pan - centered before. Thus we have,

RS 0

0 1 4.3)

Tc s =

The transformation from board to camera coordinates is agairbitrary, but they are equal
to the extrinsic parameters returned by the MATLAB Calibration Toolbox. Thus we have,

RC TC
Tce= 4 3 (4.4)
Now we formulate the following equality condition,
Tc 8 = Tc s Ts w Tw B! (4.5)
RS 7§ _ RS O Rx O RY TW 4.6)
0 1 0 1 0o 1 0 1 '
RER_x O RY TYW
= o 1 5 7 (4.7)
C W C W
_ RSRE)X RE RSR=1X TS : (4.8)
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We obtain the following equalities from Equation 4.8,

RS = RSR_x RY: (4.9)
Ts = RSRx Tg': (4.10)

We de ne the error function using Equation 4.31. Each of theatation matrices R§ and
Ry is parameterized by 3 angle variables each. Thus there are Bg&e parameters to be
calculated. Let, the angles be given asy; [Y; ¢; & & S and are related to the various

rotation angles in the error function given in Equation 4.13s:

R\év = Ry( \t,)v) Ry( gl) Rx( ﬁl) (4.11)
RS = R Ry(9 R (4.12)

Thus we have error function de ned as,
FOS & s 8585 5)= Rg RSRx Ry (4.13)

This equation is highly non-linear with trigonometric terms, but with good initial estimates,
it converges to an optimal local minima. The minimization aproach is explained in the next
section along with how the minimized values can be used forgjistering images.

4.2.3 Results

In this section we show the results of Non-Linear minimizadn to obtain camera calibration
parameters. The input to the calibration algorithm is a set bimages of a checkerboard as
shown in Figure 4.3. The input images are taken by rotating ta NICAM by some angles
and at each angle capturing an image. The calibration parartegs to be estimated are the
angles of rotation between the Board to the World and the Stagto the Camera where the
angles are given asy; '; {5 & S S. Inorder to obtain accurate results we need to give
a good initialization to these angles. Additionally, aftereach minimization, the result was
again used as an input to the next iteration of the minimizatbn. The initialized rotation
angles between board and world for}’ were given as 180for rotation about x  axis and
b was initialized as 270 for rotation about z axis. The angle } was initialized to 0. This
will align the Board coordinate system to the World coordinte system. This is explained in
Figure 4.2.3. Allthe angles : ¢; ¢&; < between the Stage and Camera were initialized t&'0
We used thefminsearchfunction of matlab to nd the minimized values. The nal mini mized
value after iteratively minimizing are given in Table 4.1. A can be seen the rotation angle
S about the x-axis of the stage coordinate system comes out to be3389, which is the tilt
of the CCD sensor of NICAM. The other rotation angles are negible. Also, the rotation
of the World Coordinate system about they axis of the Board Coordinate System comes
out to be 31361 degrees which means that the calibration board is notropletely vertical
to the ground. The images are registered to each other based these rotation angles as
explained below. Now, once the rotation angles are estimdiethe registration can be done
by projecting rays from the images back on to a 2D plane whick located on at some = Z.
When the rays intersect the 2D plane, we get images. Sinceglplane is built in the World
coordinate system which is attached to the ground, it is xedrrespective of the pan angles

38



Y

180

Figure 4.4: Rotation between the Board and the World Coordiate system can be initialized
by rst rotating about the x-axis by 180 and then about the z-axis by 270.

at which the images were captured. Thus, on projecting raysnathis plane we obtain a
registered set of images. The process of back projection &sdribed as follows. Let any 3D
point on this plane be denoted a$\y, which is not known to us. Also, let the projection
matrix from the Camera coordinate system to the coordinateystem attached with the CCD

sensor beT,. For a pinhole camera, this matrix is usually given as

fy 0 cg
T,=@0 f, cg A: (4.14)
0 0 1

wheref, and f, are the focal lengths of the camera andg, and cg, are the principal point
where the optical axis intersects the CCD sensor. The imageipt P; = \Lj can be

obtained from T, Tc s is obtained after the calibration procedure explained abev

Pi=T, Tc s Ts w Pw: (4.15)

39



Table 4.1: Rotation Angles Between the Coordinate Systems

| Rotation Angle | Initial Value | Value |

c 0 1:8389
c 0 0:1209
c 0 0:0163
W 180 1794259
W 0 3:1361
w 270 2706416

For all the input images and the pointsP; in them, we obtain the 3D pointsPy in the world
coordinate system. We show four registered images in Figute2.3. The rst two images are
superimposed to obtain the third image and all the images aiperimposed to obtain the
sixth image. As can be seen there are no ghosting of images tluaccurate registration.

Figure 4.5: Registered images of the calibration pattern. ®©the rightmost column the
images are superimposed. Due to accurate registration, teeare no ghosting of images.

4.3 Optimization Framework for Omnifocus Imaging

Once we obtain a set of registered images, the next goal is tppldy a focus measure on
the set of pixels and generate an omnifocus image. In this 8en, we address the problem
of generating a seamless, fully focused, single image fronset of multifocus images in a
discrete optimization framework. Such an image is referread as an omnifocus image. Our
approach is based on a Maximum a Posteriori (MAP) estimationf unobserved variables on
which Bayes theorem is applied to obtain the likelihood andhie prior model. The prior is

proposed to be realization of an underlying Markov Random Eid (MRF) on these variables.
The MAP estimate is then formulated into an energy minimizaibn function. This function
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is solved using the discrete optimization technique of grapcuts which helps in generating
a seamless omnifocus image without artifacts.

As described earlier, the basic procedure of generating ammifocus image is to capture
a series of images with di erent camera settings such that ggxrts with di erent depths
are focused in at least one of the input images. For comprelsdre coverage of the area
we need a set of images which cover the entire eld of depth. &hke images are called
multifocus images [125]. The conventional method of obtaimg an omnifocus image from a
set of multifocus images is by de ning a@ocus Measurefunction F at each pixel location
across all the input images. This function attains maximurmminimum value only for the
image in which the pixel is focused. The focused intensitydm this frame is extracted and
pasted on a new image. This process is repeated for all pixetétions to obtain an omnifocus
image. See Figure 4.6. The conventional methods [52, 54] @nerating an omnifocus image

(@) (b) ()

Figure 4.6: (a) and (b) depict two multifocus images where #hnose and eye of the bug are
in focus respectively whereas other parts of the image arefaeussed. (c) In this image all
the pixels in the image are in focus irrespective of their dép It is called an omnifocus
image.

are local in nature, in the sense that the choice of the focukérame at one pixel location
is independent of the choice at its neighboring pixel. Theyadnot take advantage of the
underlying smoothness of the locally planar objects in thecene which are being imaged.
Consequently, due to imaging noise and the limitations of thfocus measure [126], the nearby
pixels corresponding to images of the same planar object dotrget imaged with focus in
the same frame. This leads to artifacts in the nal omnifocusmage. This can be removed
if the prior smoothness knowledge about the scene can be irmwrated in the focus frame
selection. Ninget al. [54] tried to address this problem by proposing a 3D graph caipproach
where the neighboring pixels were connected by an edge anénhmax ow-mincut algorithm
was applied to get smooth solutions. Since the edge costs imstgraph were obtained from
the focus measure values itself, the smoothness obtainedsvaill a function of how good
focus measurd= was. Our contribution in this work is as follows:

An explicit smoothness constraint is imposed on the nal sation. This makes the
introduction of smoothness independent of the goodness dfetfocus measure being
used.

It is assumed that the focus frames belong to an underlying MRstructure. This helps
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us in modeling the focus frame selection as MAP estimation weh is used to formulate
an energy minimization function.

The energy function is solved in a discrete optimization fraework using graph cuts
and a seamless omnifocus image is obtained, enabling an diotus imaging sensor [2]
to do realtime computations.

4.3.1 Related Work

In omnifocus imaging, a number of focus measures have beeagwsed in literature to select
the focused pixels e.g. [52, 54]. In the current work we useettiocus measure proposed
in [54] due to its robustness near the intensity edges, althgh any traditional focus measure
could be used. One of the earliest applications of MRF modadj in computer vision can be
traced back to the works of Geman and Geman [4] where the prebt of image restoration
was addressed in a MAP-MRF framework. Some of the other low evel vision problems
like stereo [1], segmentation [18], depth from defocus [97dve also been formulated in a
MAP-MRF framework. By taking the negative log of the MAP estmate, the maximization
problem was reduced to an energy minimization function. Tolaain a global or local minima
of this function, many optimization techniques have been pposed in vision literature e.g.
simulated annealing [4] and ICM [31] which guarantee globahd local minima respectively.
Most of these methods take large amount of time to converge érhe global minima is
also not guaranteed. One of the techniques called graph cU®2] has recently become
popular in the vision community owing to its polynomial orde execution time. A number
of vision problems like stereo [1] and segmentation [18] labeen formulated as an energy
minimization problem and then solved using graph cuts. Onef the works close to our work
is that of [58] where the problem of depth from defocus in an MRframework is addressed.
The energy function is then solved using simulated anneadin Simulated annealing typically
provides global minima but with larger convergence time. Waddress a di erent problem in
our work, which is omnifocus imaging in an MRF framework. Wese graph cuts for function
optimization which has fast convergence rates.

4.3.2 Multifocus Imaging

A point light source P, at a distance ofu from the optical center of a camera, having xed
focal length off forms a focused image on the sensor plane at a distancevofThe three
distances satisfy thethin lens formulade ned as

whereu is the distance of the object from the lens centey, is the distance of the sensor plane
from the optic center of the camera and is the focal length of the camera. If the sensor
plane is moved along the optical axis away from to s; or s,, the point P gets imaged with
blur. Thus by moving the sensor plane by xed discrete stepsye obtain a set of multifocus
images. This is explained in the Figure 4.7, wheffe@ gets imaged with di erent blurs in each
image.
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Figure 4.7: Multifocus images obtained by varyingy and capturing images.

4.3.3 MAP Estimation for Omnifocus Imaging

We formulate the generation of an unknown omnifocus imade from a given set of multifo-
cused images as a maximum-a-posteriori (MAP) estimation pblem. Let the input images

be denoted ad = flq;l,; ;Ing whereN is the number of images and theX and Y are
the width and height of the image. Let us also de ne the pixeldcations corresponding to
a multifocussed image a8 = fs=(i;j):1 i X;1 | Yg. These images have the

following properties in common:
They are captured by varying sensor plane distances alongettoptical axis.

All the 3D points in the world are getting imaged with focus inat least one of the
frames

The images together cover the entire range of depths whicheabeing imaged.

On the other hand, the generated omnifocus image will cons@ intensity values taken from
frames which are best focussed among the available $etThus any pixel locations in Io
can be labeled by the index of the focussed frame from whichgot the focused pixel. By
extending this labeling to all the pixel locations we can olatin a con guration of labelings for
omnifocus imagd . Let us denote this con guration asL. Thus for every pixel locations in
lo, if there areN labels each corresponding to one input multifocused framasd X Y pixel
locations, then in all there areN* Y con gurations possible. The optimal con guration is
the one which produces the best possible omnifocus image. uShwe de ne the posterior
probability of obtaining the optimal labels L given the set of observed quantities which are
multifocused imaged asP(Ljl) and try to maximize the posterior distribution. From Baye's
theorem

argmaxPr(Ljl) = argmax Pr(IjL) Pr(L): (4.16)

L L

where Pr(ljL) is the likelihood of observed quantities and PL() is the prior on the labels.
In the following paragraphs we describe each of these.
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Figure 4.8: Multifocus images captured by a NICAM(a) Wide déd of view being covered by
a panning NICAM and (b) Image of an object formed at locationX:y) on the sensor plane.

Likelihood:  The likelihood function denotes the probability of obtainng the set of mul-
tifocused imaged given the current con guration of unknown labelsL. We de ne the set
of labels at each pixel locatiors 2 S in | as the set offrame indexes Thus, L = fl(s) =
1,2;3; ;N :s 2 Sg. Inour case, likelihood can be seen as those setoofrect depths
which will generate the multi-focussed imagds Since there exists a direct mapping between
the depth of an object and the frame index in which it gets foased, focus measurfe de ned
at a pixel location in turn becomes the likelihood function.Thus, for any pixel locations,
we de ne the focus measure vectoF (I(s)) of length N as the likelihood cost. Assuming
independent observations at each pixel location across teet of multifocus images, we can
write the likelihood function over| as

Y
Pr(ljL) / expf F(lI(s)g: (4.17)

S

where F (I(s)) is the focus measure vector at locatiors for the set of multifocused images
| and I(s) is the current label. The focus measure functiofr at pixel location s = (x;y)
across the set of multifocus images is derived from [54]. Thabel I(s) denotes the frame
index of an input image frame and since each image frame is iiskd with di erent amounts,
the label directly maps to the amount of blurring in that image. Thus the focus measure
function F is given by

1 X X
FO)= Nz (Min(g (GY)  Vinin; Vimax 9 (X¥)))? (4.18)
X oy
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whereg (x;y) is given as in Equation 4.25 and/ax and Vi, are obtained as follows

Viin = argmin g (X; y)
i(xy)2D

Vmax = argmin g (x;y)
;(xy)2D

andD isanN N local window around §;y).

Prior:  The objects in a scene are often locally planar. This meansaiwhen imaged with
focus, they will get imaged on the same image frame. In our eaghe frame indexis the set
of labels. Thus these labels are locally smooth in nature ande propose that they belong
to a Markov Random Field. This assumption de nes a prior prohbility distribution which
favors nearby pixels in the image having similar focus frameadexes. The assumption of
MRF structure greatly reduces the complexity of the prior ast says that the probability of
labeling a pixel location is dependent only on the labels ohé neighboring pixel locations.
Let N denote a 4-neighborhood system o0& Thus using the MRF property we can write,

Pr(l(s)il(S f sg)) = Pr(1(s)jl(Ns)):

A Gibbs distribution on a graph, whose nodes can be assignaemlues from a label set, de nes
a probability distribution on the current con guration of | abels in terms of the dierent
sized cliques present in the graph. Since MRFs also de ne appability density function on
a neighborhood system, Hammersley and Cli ord expansion evs an equivalence between
Gibbs distribution and MRFs [4]. Thus, it can be shown that fo any particular con guration
of labelsL assigned toS we have,

Pr(L)=2Z 1 exp( %U(L)): (4.19)
where X 1 X
Z = exp( TU(L)) and U(L) = Vc(L):
L c2C

whereV,(L) is the clique potential de ned on cliquesc belonging the complete set of cliques
C, Z is a normalizing constant andT is the temperature parameter. In the case of images we
have a 4-neighborhood system, which is a clique of size twohuk using Equation 4.16, 4.17
and 4.19 the posterior distribution becomes
Y
argmaxPr(Ljl) / argmax (exp F(I(s))) exp( U(L)): (4.20)
L L

S

Energy Minimization: The MAP estimate of the posterior distribution in Equation 420
will gives us the optimal set of labeld. which will correspond to the best omnifocus image.
By taking a negative log of this probability distribution we can de ne an energy function
which can be minimized over the set of labels. In energy minimization, such problems are
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also called labeling problems. In our case the labels are tbescrete frame indexed(s) at
site s 2 S. The corresponding energy functiorE (L) on this set of labels can be obtained as
X X .
E(L) = F(l(s)) + V(I(s);1(s)): (4.22)
s s2N(s)

where the rst term is the data term and the second term is thesmoothness term The
data term is the set of focus measure vectors at sige This is obtained by applying focus
measure criteria at sites for all the input multifocus images and stacking them to obten
a vector or lengthN. The smoothness term is chosen to be Pott's model and piecswi
constant model and de ned aK T(I(s) 6 I(s’)) and A min(B;jl(s) 1(s)]) respectively.
A number of optimization techniques like graph cuts and bedf propagation exist in literature
to get a local minima of this function in polynomial time. Hee we have used graph cuts
algorithms [1] to get approximate solution. Speci cally wause -expansion technique which
is bound to nd a local minima of E up to a constant factor of the global minima.

(@) (b) () (d) (e)

(f) (9) (h) (i) 0

Figure 4.9: Input multifocus images for (a-e)Porschedata set. Zoom in to see how the
number plate of the car is captured with varying amounts of hir. (f-j) Conferencedata set.
Zoom in to see the blurred images in the bottle.

4.3.4 Results

The experiments were done real images where the multifocusaiges were captured from
a NICAM as described in [2] and in the previous chapter. The ozera was rotated about
the optical center while the world was being imaged. Due to ¢hnon-frontal nature of the
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sensor plane, dierent depths get imaged at di erent sensoplane coordinates with blur.
We show our results of omnifocus images on two kinds of scenésdoors and Outdoors.
The Porschedata set was captured outdoors and covered approximately A&legree eld
of view. Some sample images taken by panning NICAM are showm Figure 4.9(a-e). If
we zoom on the car in this image set, we nd that it is getting imaged at shifted spatial
locations horizontally and with each shift, the blurrinesf the imaged car is changing. Thus
we generated a multifocus set of images for the car. Similgriother neighboring cars also
get imaged with varying blur. Note that since the building inthe background is farther
from the camera compared to the car, the building remains almst focused throughout the
imaging process. Although, by changing the tilt etc. of nica we can generate multifocus
images for the building also. These input images are then istpred together so that the
focus measure can be applied on them to obtain od@ata term in the energy formulation
Equation 4.21. After applying graph cuts, the obtained outpt omnifocus image is shown
in Figure 4.10(a). As can be seen there are no seams in the imand all the objects are
in focus, irrespective of their depths. Such sharp imageseavisually pleasing and can be
used for as input images to vision problems like object detaan etc. The graph cuts took
around 2 minutes to output the omnifocus results which is neaeal time with respect to
image acquisition using nicam. The second data set was cotkl indoors and is called the
Conference Roondata set, where we have objects at depths ranging from 1ft tofé6 Some
sample input images are shown in Figure 4.9(f-)) and the relsimg omnifocus image is show
in Figure 4.10(b). We show the e ectiveness of graph cuts inigure 4.11(c,d) where the
decreasing energy values along Y-axis are plotted againsetlabels along the X-axis. The
plots clearly show the sharp decrease in energy values withch iteration of -expansion
over the label set. The rst plot is using piecewise smooth na@l and second is for Potts's
model [22]. As can be seen, towards the end of the minimizatiprocess, the energy curve
becomes stable for both the smoothness models. The piecewssnooth model starts with
lower energy values and reaches lower energy values becaus#iows for more freedom in
smoothness of labels compared to Pott's model, which givesnstant cost irrespective of the
labels assigned to nearby pixel sites.
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Figure 4.10: (a-f) Resulting omnifocussed Images. All theedths are imaged with focus
irrespective of their depth.
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Figure 4.11: (c) Piecewise smooth (d) Pott's smoothness meld Energy values minimizes
very fast with each iteration and then reaches almost constavalue.

4.4 A Generative Focus Measure

In order to generate an omni focussed image for a physical seea large number of images
of the scene from one single view point is taken such that earhage focusses at di erent
depths in the world. This leads to each point in the 3D world géng imaged at a pixel
location with di erent degrees of blur in every image. From mong these set of multifocus
pixels across all images we need to choose the best focussedl.p The criteria of best
focussed is usually de ned in terms of a metric callefbcus measure For a focussed frame,
this measure when computed at a pixel location and a small wdow around it for all the
frames either maximizes or minimizes. On repeating this pcess across all the pixels in
the image, we are able to nally generate an omnifocus imageln the previous section
we modeled omnifocus imaging in a discrete optimization imeework and used graph cuts
based techniques to solve it. The goodness of the data term tbe energy minimization
function is dependent on the focus measure being used. A nuenlof focus measures have
been suggested in literature [54, 125, 52, 53]. As a focussexdge is characterized by
sharp image boundaries, most of the focus measure technigumlculate the sharpness in
a windowed region across the set of multifocus images. As sieemeasures focus criterion
based on a patch of intensities and they look for sharp edgesthe windows as a metric
for how focussed that window or pixel is, they are bound to fawhen windows are chosen
in smooth regions at the edge of an intensity discontinuitylf such a window is chosen in a
defocussed image, it can be observed that due to the bleediofgsharp intensity edge into
its neighboring pixels, the amount of gradient increases ithe window, whereas the actual
gradient in the focussed image is zero. This leads to the @ita of maximizing focus measure
getting actually maximized in a defocussed image. See Figu4.4 for an explanation. Thus
we propose a nhew focus measure in this section which alleemthis problem.

In omnifocus imaging, it is required to collect a set of mulfocus images as shown in
Figure 4.7 where the sensor plane distance is shifted alongetoptical axis and a set of
images is captured at each such shift. Due to the change in senplane location, the image
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of the object is formed with di erent amounts of blur. We makethe following observations
true to this existing technique of image capturing for omndcusing. As can be seen from
Figure 4.7 that the process of obtaining a omni focussed imafrom the set of focussed and
defocussed images is a continuous process where a pixelitglly imaged as being blurred,
then it becomes sharp somewhere in between and again getsritdd. Thus focussing of a
pixel is not an independent event at a frame, rather its a comuous process which depends
on the way a pixel is imaged in the frames before and after theircent frame. In the latter
case, we have more information at hand than just by one frameThis knowledge is used
in order to formulate a new focus measure which does not su érom the drawbacks of
conventional focus measure techniques. In Section 4.4.2 wtroduce our approach along
with our algorithm.

(@ (b) (c) (d)

Figure 4.12: (a). A step edge image with left region having uniform intensityof 80 and
right region 150. (b) . A zoomed in 10x10 window near the step edgéc). (a) is blurred
with gaussian blur of =4. (d). Same 10x10 window extracted and zoomed frofm) We
see that there is more gradient id) than in (b) . Thus using maximum gradient as focus
measure leads to selection of a pixel from blurred image.

4.4.1 Image Formation

In this section, we describe the image formation process nigia thin lens model as shown in
Figure 4.13. The rays from an object poinP fall on the lens, get refracted by some amount
and then intersect at some pointp® on the sensor plane at locatiory; forming a focussed
image of the object point. For a lens of focal length, if the object was at a distance of
from the optic center and the focussed image was formed on aser plane at a distance of
Vi behind the lens, then the following relation holds true:

1 1 1

J + vof (4.22)
If the sensor plane location is moved from focussed posititmsome other position, a blurred
image is formed as the light rays intersect at the focussedstiince and again spread to form
a circular blob of radiusR on the sensor. This blob is usually referred as thgur circle .
If the object point is assumed to be a point source of light wit unit light energy, this
blob represents aPoint Spread Function (PSF) . Ideally the PSF should be a circular
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Figure 4.13: A image formation using a thin lens is shown. Theys from the object P
converge on the sensor plang to form a focus imagep. As the rays diverge a blurred image
of the object is formed on another sensor plane position st

patch with uniform intensity, but due to various optical abarations the intensity inside the
circular area reduces towards the edges. Thus the PSF is ubyanodeled in optics by a
two dimensional gaussian distribution centered at the ceet of blur circle with mean Oand
standard deviation . Let the PSF at a location (x;y) be denoted ash(x;y; ). Assuming a
loss less imaging systerh(x;y) can be written as:

1 X2+ y?
h(x;y; )= > 5 EXp > 2y_ (4.23)
Z 1 YA 1
h(x;y; )dxdy=1: (4.24)
1 1

Thus, at pixel location (x;y), the blurred imageg (x;y) of some focussed image(x;y) is

obtained by convolving the focussed image with the PSR(x;y; ). In discrete domain, this
convolution is applied over aN N window around the pixel. Thus blurred image formation
can be written as:

g(xy)=f(xy) hxy; ): (4.25)

Now, the value of at each pixel location &;y) is calculated as follows. Using similar
triangles it can be shown that thegeometric radius of blur R at location (x;y) in image
sensor locations; is
D s
Ri(x;y)= = — 1 : 4.26
=5 (4.26)

wheres; is the distance of thei" sensor plane from the lens centew; is the sensor plane
distance from the lens center at which the focussed image bktobject would have formed
and D is the diameter of the lens. As the blur circle is assumed to kee gaussian, the
corresponding to a blur radius oR; can be approximated as

i(xy) Ri(xy)=3. (4.27)
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In the next section, we use the blur model described above togpose a generative model
based algorithm for nding out the best focussed frame for bthe points at di erent depths
in the physical world.

4.4.2 Algorithm

As described in section 4.4.1 the images of the physical wbrdre taken by moving the
sensor plane along the optical axis from one end to anothercerWe denote the set of input
images (also called as multifocus images) & = fg :i 2 1,2;3;:::;Ng whereN is the
number of multifocus images. The images taken by varying theensor plane distance are
registered such that the correspondence of image pixels igintained across frames. After
registration, let any world point P ge imaged with varying amounts of blur on each sensor
plane at location p with the coordinates of the center of blur radius located atx(,;y;) s.t.

i 2 N across all frames. LetP be imaged with focus on thek™ frame, then the blur
radius in that frame becomes 0 and the focussed image is thegdiintensity at (x";yg).
From the multifocus imaging process, we observe the followg property of the blur radius

Ri(x});y;)>Rj(xL;yJ%)) 8fi>j>k gwherefij;k 2f1;::::Ngg (4.28)
Ri(Xp Yp) <Rj(x5;yh) 8fk <i<j gwherefi;jik 2f1;:::;Ngg (4.29)

Thus we make an important conclusion that

1. For any framei, other than the k, the size of blur radius ismore on one frame next
to it and less on the frame previous to it.

2. For the focussed frame, the size of blur radius ismore on frame next to it as
well as on frame previous to it.

To summarize, we observed from Figure 4.7 that the blur radguat any pixel location in the
rst image is very high, then it decreases nally becoming Ord again starts increasing until
it reaches the last frame. But the fact is that we don't know inwhich framek the point p
came into focus. Thus our algorithm boils down to determinehe frame in which it was in
focus and then extract the pixel from that frame. We make usef the observation above to
determine the focussed pixel.

Our model is generative in nature and inspired by the multifous image capture process in
nature. It can be referred as an intensity matching algorittn where, given a pixel location
p across all theN frames, we want to obtain the frame in whichp was focussed. There is
a prior knowledge that blurring a pixel intensity will causeit to either increase or decrease
depending on the kind of texture in its neighborhood. Sincp could be focussed in any of
the N frames, without loss of generality we assume that it is focsisd in somek™ frame. We
claim that if p was indeed focussed, then in con rmation of the imaging press described
in Section 4.4.1, on arti cially blurring p with some blur kernel obtained by assuming that
k™ image was the focussed frame, the new intensity created wik same as was originally
there in location p in frames on either side of thek™ frame. If p was not focussed irk"
frame, then the new intensity will not agree with the intendy at location (Xp; y,) on frames
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on at least one of the either side of th&™ frame. This is because the blurring would be less
on the left frame as compared to the right frame and thus the miulated intensity will not
match with one of the corresponding intensities in neighborg frames. In ideal situations
where there is no imaging noise, this method can be applied e&ch pixel location and this
will generate a set of candidate frames (unique frames arealpossible) which are focussed
(See Figure 4.14 for an explanation of the intensity matchgprocedure). We get a set of
candidate frames because the proposed measure can seldséfeandidate frames. We give a
theoretical proof of ambiguity in Section 4.4.3. To allevi this as additional step is applied
to the algorithm which could be thought of as assigning of a éois measure to each candidate
frames. Out of the possible candidate frames, we select a dinv around the pixel location
p. This window is blurred with the blur kernel whose is obtained by assuming that that
candidate frame is focussed frame. The new intensity overghwindow is then compared
with the intensity in a window in the neighboring frames. Thedi erence in intensities in a
window around the pixel is stored as a sum of di erences andithdesignates a focus measure
for that frame. This is actually the sum of squared distancéSSD) of the intensity values.
The frame with minimum focus measure value out of the canditia frames constitutes the
best focussed frame. To assure that there is smoothness i timal solution, a graph cuts
based discrete optimization is done using this focus measuand the results obtained. The
whole algorithm can be written as in Algorithm. 2 :

(@) (b)

Figure 4.14: Plot of intensity di erences for simulated andoriginal images after running
the new focus measure algorithm at some pixel location. (a)ri@inal intensity di erences
of multifocus images. (b) Simulated intensity di erences omultifocus images using our
algorithm. In plots (a) and (b), the subplots marked with blue squares and orange circles
match with each other. This means that these are the possibteandidates for the set of
images in which the pixel could be focussed. But, from the grod truth we nd that some
of these matches were wrong and some were correct. We mark #r@ng matches with blue
squares and the correct matches with orange circles
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input : A set of multifocus imagesG = fg :12 1;2;3;:::;Ng of sizeh w and

the sensor plane locations;
output : An omnifocus image where all the pixels are in focus.

Registerimages (G);

/I Df is the number of frames to look for on both sides of the current

frame.
Df 1;
/[Each pixel location is chosen
forp 1toh wdo
/[Each input image is considered as focussed
fori Df +1to N Df do
L Gi(Xp; Yp) ;
| 1 o or Xpi¥p) s
lia Gt (X Yp) 5

f i
Vi Sis p i

D Si .
Ri o 7 o 1i ;
Risor 5 252 1 ;
R R of = Rj+or ;
ii Df = iji+Df % ;
1 1 h(Xp)Yp; i bf)
1% 1 h(Xp:Yp: ii+nf) s

/[Focus criteria being checked
if sign (I I 1), sign (I 19 and sign (I 1.1), sign (I
| Candidate= Candidate f ;

end
end
for ¢ 2 Candidatedo
/ISSD isptaken over a window
sum; NP LT I | ST B
end P
Edata c ;

end

E smooth P iecewiseSmoothModel;

E Edata + Esmooth ;

Omnifocus Image Apply graph cuts onE ;

19 then

Algorithm 2 : Algorithm for New focus measure
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4.4.3 Proof of Ambiguity

As mentioned in previous section, here we give a theoreticptoof of the fact that there
will be multiple candidates of image frames which could be dassed using the new focus
measure. Without loss of generality, let us assume we have B focussed imageX of n
pixels. We also assume that this image can be blurred with biing kernels of various sizes
denoted as where k. For simplicity the blurring is averagingblur i.e. all the locations
in the blurring kernel are equally weighted. We use to denote an averaging blur operator.
Now, the whole process of multifocus imaging can be mappedtdsrring the focussed image
X with = kupto =0 and againtill = k. This is represented in Figure 4.15 as a blur
Vs Image axes where the focussed imajeis located along horizontal axis and the various
levels of blur are located along vertical axis.

blur axis
k+1
k+1 | @ Xm
k | k k
Xm 1 o .k ® Xm+1
k-1 Xm K 1
| O Xm
1_|
0 | | | |
T T T T T T T
1+ %8 x? Xm Xn
pixel locations on a 1D image
k|

Figure 4.15: A blur Vs 1D image axis.

Let the intensity values of pixels at blur level be given asx; for the i'" pixel location.
Thus we have the focussed imagé asfx$;x%;:::;x%g. The radius of blur at k™ blur level
i.e. is given as

Rk=2 k+1 (4.30)

Let us consider a focussed pixedS,. On blurring this pixel with blur of = 1;2;:::;k
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1;k;k+1, we get

0 0 0
Xm 1+ Xm + Xm+1

xt = x% 4= 3
2 _ L0 _ X2t X gt XG XY+ X
Xm = Xm 2= 5
P k 1 XO
k 1 _ 0 j= (k 1) "m+]j
= X 4.31
Xm moKIT Ok D+l (4.31)
k kXO _
— — j= m+ |
xK = x2 = JF?k—” (4.32)
k+1 XO
k+l _ 0 — j= (k+1) "m+]j
= X = 4,
Xm mookL T T )+ 1 (4.33)

At the k™ blur level, we take the n 1), m™ and (m+1)™ pixel locations and assume
that the pixel xK, is focussed. By using our measure we arti cially blur it with =1 and
compare it with the pixelsx&*! and xX * which are at 1 with blur = k respectively. This
is pictorially represented in Figure 4.15. Thus the simulad blur x° is given as

k k k
XO — Xm 1+ Xm + Xinea
3
P P P
k 0 k 0 k 0
=k Kmoa e i Xme t e i Xmeas
3(2k +1)
Simplifying the above, we get
P
0 _ Xph o 1*2x +3 jk=1k+l X i ¥2 X0 Xy
X = 3k (4.34)

For the new focus criterion, we have from Equation 4.31 and 3%
< x)xE x> 0and (4.35)
0,
(xm X)xm x> 0 (4.36)

Thus we see that there are+3 unknown intensities ranging fromx?, , ; tox%,,,; and only
1 equation which should be satis ed. Thus we have multiple &dions for focussed intensity
set X . Also, with increasing blur radius = k, the number of solutions are increasing. This
leads to more number of candidate frames satisfying the faceriteria. It can be observed
that for k = 0 which is the focussed image, the new focus criteria is saed as follows

X0 xYx%  xi)=(x% x%2> 0sincext = x°
m m m m m

4.4.4 Results

Figure 4.14 explains our focus criterion described above.eWtbok some pointp across a set
of 131 multifocus images. The pixel was visible in approxirntely 19 image frames out of the
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131 captured. This is because the images were captured ussniyICAM [2] which captures
a wide eld of view as it rotates. The pointp came in view in the 78 frame where it was
defocused and remained in view till the 99. The blue and the red plot are the plots of gray
intensity value of p along the y-axis and the image frame index number along theaxis. In
the blue plot three intensity values are plotted : the currenframe and the frames indexed

4 from this frame. In one red plot we show the simulated intertg of the pixel p nearby

4 frames by assuming the intensity in the current frame is fassed as blurringp with an
arti cial blur calculated from the sensor plane locations.The plots in both the gures which
have been marked withellipse and rectangle are the possible candidates who satisfy the
focus criterion described in the algorithm Alg. 2. From the und truth data, out of the
many candidates the ones shown in orange rectangle are thespible positive candidates
whereas the ones shown in blue spheres are false positives.cAn be seen the true positives
appear in nearby frames which is true from the fact that the daeth of the eld of the camera
covers those frames. Once all the candidates are obtainedfo@us measure based on SSD
on a local neighborhood of a pixel location is calculated wihi serves as a data term in the
energy minimization function.

Synthetic Images Figure 4.16(a)-(e) shows a set of synthetic images genetey applying

a gaussian blur on a checker board image pattern. Such a patieof images is same as set of
multifocused images being generated from a camera. Initiglan image which is sharp was

taken and then blurred by ranging from:3 to 3. The focus measure algorithm is applied
to get the nal results in Figure 4.16(f). Figure 4.17(a)-(J shows two synthetic planes at

di erent depths. Thus the arti cial blurring which is being applied becomes a function of
the depth of the planes. The resulting omnifocus image is sk in Figure 4.17(e) where

both the planes are in focus.

Real Images Figure 4.18(a-d) shows input multifocus images of a real s captured
using a NICAM. Di erent parts of the scene get focussed in derent image frames. The
output omnifocus image after applying graph cuts is shown iRigure 4.18(e). Similarly for
another data set as shown in Figure 4.19

4.5 Summary

In this chapter we have provided a new algorithm for calibrahg NICAM where the tilt of
the sensor plane is obtained. This leads to registration ofuttifocus images. The algorithm
is formulated as a least squares minimization. Further, a geral method for pan - centering
a camera has also been proposed. The problem of omni focusding has been presented
in a energy minimization framework where the labels are digte. This framework allows
for smooth and fast solution to this problem by the applicabn of recently developed graph
cuts method for energy minimization. This makes any real wiat vision system applying
this framework near real time. The problem of omni focus imaggy requires a focus measure
function which is a criteria for selecting the best focusseguixel on an object which has been
imaged with varying amounts of blur in a number of images. Inhis work, we also develop
a new focus measure function which is generative in nature.s/explained in Section 4.4,
unlike old focus measures, it performs better near the imag&d depth discontinuities. This
leads to better, smoother and fast omnifocus images. In theext chapter, we propose
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Figure 4.16: (a)-(e) Some images from the set of synthetic ttitocus images. (f) Output
omnifocus image.

(@) (b) () (d)

(e)

Figure 4.17: (a)-(d) Some images from the set of synthetic hfiocus images. (f) Output
omnifocus image.
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Figure 4.18: (a)-(d) Some images from the set of real multidas images. (f) Output omni-
focus image.
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Figure 4.19: (a)-(d) Some images from the set of real multiéas images. (f) Output omni-
focus image.
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optimization based techniques for background removal in aal world Computer Vision
problem. Speci cally, we modify an existing continuous optnization technique and apply it
and then propose a new discrete optimization function for lsaground removal
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Chapter 5

Background Removal for Train
Monitoring System

5.1 Introduction

The objects in the three dimensional world can be divided iottwo basic classes : Static
and Dynamic. Static objects include sky, ground, buildinggtc. which have no temporal
motion and are stationary with respect to a static observenyhich is the camera in our case).
Dynamic objects include people, vehicles etc. to which som®tion could be associated. A
dynamic scene is captured by the camera in the form of a videdhus, a video is a sequence of
images called as frames such that in each frame an object hasved by some amount. Some
of the common video based computer vision problems includeatking where a particular
object is tracked across the frames of a video, motion estitian where the velocity of the
moving object is calculated. We will refer such moving objéx as lying in the foreground
and other static objects like the ground on which the objectsimoving and the sky on top
etc as lying in the background. Since only the objects in fogeound are important to us, the
background is a redundant information for us. The branch ofamputer vision which deals
with removal of background from videos is called aBackground Subtraction A review of
popular background removal techniques was given in Chapt8 Most of these techniques
were developed keeping in view the real world problem for vahi they would be used. Thus
the solution to the background removal problem is usually ggication dependent.

The design and development of a real world vision system whisolves a speci c task
with very high accuracy is a di cult task. A number of factors like the imaging conditions,
the type of camera, the surrounding environment and the apighbility of existing computer
vision techniques under these factors decides the feasthibf developing such a system. In
this chapter we describe novel background removal technigsl applied for an Intermodal
Train Monitoring System. This system captures the video of anoving train and outputs the
dimensions of the containers kept on the train, the train veicity, the type of containers etc.
One of the important computer vision problems involved in tis system is the removal of
background from the individual frames of the video. The backound in this video consists
of moving clouds along with changing lighting conditions ah more importantly the color
of the containers was nearly same with the color of the baclgind at di erent instances
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of time. This made background removal di cult. Although the clouds were moving with
small velocity yet the application of conventional backgrend subtraction techniques which
assumed near static background failed. And the requiremenf the system was to have an
accurate background removal. In addition to background reaval another important aspect
of this system is the estimation of the velocity of the train.

In order to obtain accurate background subtraction, discte and continuous optimization
based background removal techniques are proposed. The tsthnique employed the knowl-
edge of the shape of the containers in the train video alongtvia window based Gaussian
Mixture Model (GMM) for background learning model to learn he background. In this
algorithm, the mixture model updates and henceforth backgund labeling is similar to a
continuous optimization method. The combined method alload to handle a wide variety of
backgrounds e.g. changing lighting and similar color backaund foreground. From consec-
utive background subtracted image frames, the velocity ohe train was estimated. Then,
we have developed another discrete optimization based bgoaund removal technique which
can handle small motions of the clouds in the background as Mestimate the velocity of the
IM train simultaneously. This technique utilizes the recetly developed fast discrete opti-
mization technique of Graph Cuts. In this algorithm, we modethe velocity of objects (train
and other objects in the background) in the train video as a M&ov Random Field (MRF)
and formulate an energy function for motion estimation. One the motion of the objects is
estimated, the obtained motion map can be simply thresholdeto obtain the objects in the
foreground i.e. the train. Such a thresholding separatesafslow moving objects like clouds
and static background from the trains in the foreground whit are having a high velocity.

The rest of the chapter is organized as follows. In Section25we describe the Intermodal
Train Monitoring System and the motivation behind it. This system is composed of a number
of computer vision modules including background removalelocity estimation, panoramic
mosaic generation. As background removal is a critical padf the system, we describe the
optimization based techniques which have been proposed aapplied in Section 5.3.1 and
Section 5.3.3. Finally, in Section 5.5 we summarize the coittutions and claims of this
chapter.

5.2 Overview : Train Monitoring System

This section gives a brief overview of the vision based Inteodal Train Monitoring Sys-
tem(ITMS). An intermodal train is a freight train which consists of two basic types of loads
- Containers and Trailers. This system takes the video of a mimg intermodal(IM) train
as input and then outputs various features of the train like éngth of gaps between the
consecutive loads, velocity of the train, various types ob&ads as containers and trailers.
This information is used for higher level inferences like alation of the amount of air
drag through the gaps between the loads of the train as it mase Thus the aerodynamic
e ciency of the loading pattern of the train can be calculatel. The complete system re-
lies on a sequence of following tasks - robust background salotion in each frame of the
video, estimation of train velocity, creation of mosaic oftlte whole train from the video and
classi cation of train loads into containers and trailers.

In an IM train, each load is placed on a long iron platform withwheels called asail car
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Figure 5.1. (a) Railcar. (b-f) Dierent kinds of loads. (b) Double Stack with upper and
lower stack of same length. (c)&(d) Double Stack with upperrad lower stack of di erent
length. (e) Single Stack. (f) Trailer.

as shown in Figure 5.2(a). A series of such di erent length Hacars are attached together
to form the complete train. Loads of di erent sizes and typess shown in Figure 5.2(b-f)
are placed on each of the rail cars. The arrangement of thesadls across the length of an
IM train is called as the loading patternfor that train. Figure 5.2 shows a good and a bad
loading pattern. The poor loading assignment of loads to faars leads to large gaps in IM
trains. In [127] it was found that such ine cient loading patterns contribute to considerable
increase in aerodynamic penalties. A good loading patternowld reduce the air resistance
by as much as 27 percent and the fuel consumptions by a galloerpmile per train [128].

Therefore, a vision based system is developed to do a loadpagtern analysis of an IM train.

| N N | | N N |

O o0 OO0 o0 OO0 OO TO o ofhee) OO 0O
(@) (b)

Figure 5.2: (a) good loading pattern in which the length of ridcars match the length of the
loads. (b) A bad loading pattern in which the smaller loads & kept on longer railcars. This
leads to more aerodynamic resistance.

A loading pattern analysis involves measuring the gaps beten consecutive loads of the
train and use this information to determine the e ciency of the loading assignment as in [128].
Our system is a camera baseautomatic train monitoring system, which captures a video of
a moving train and applies image processing and machine learg techniques to process this
video. The task is made challenging by the fact that the syste should be near real time
and be able to handle di erent imaging conditions e.g. cloydskies and varying lighting
conditions. The system functions as

Capture a video of an IM train.

Apply novel background subtraction techniques proposed iection 5.3.1 and Sec-
tion 5.3.3 on individual image frames of the video.

Generate panoramic mosaic of the train.
Calculate the gaps between the loads of the train.

The calculated gap lengths are used for calculating the aelygnamic e ciency of the train.
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5.3 Background Subtraction

In this section we propose two novel background subtractiotechniques for background re-
moval in train videos. The rst technique proposed in Sectio 5.3.1 utilizes the shape of the
intermodal loads as a prior knowledge while detecting andmeving the background. Addi-
tionally the technique also employs a continuous optimizagn method of Gaussian Mixture
Modeling(GMM) for background modeling to increase the ovall accuracy of the ITMS sys-
tem. To incorporate the slightly moving clouds in the backgyund, the GMM is modi ed by
making it window based. After background removal, the velaty is estimated by correlating
two consecutive image frames. The second technique in Sewtb.3.3 models background re-
moval as that of velocity estimation. Thus velocity estimabn and background subtraction
of an image frame is done simultaneously. This modeling ism@® in a discrete optimiza-
tion framework by formulating a novel energy minimization @inction. This function can be
optimized very fast using minimum cuts on graphs [1].

5.3.1 Continuous Optimization Approach

(@) (b) (© (d)

Figure 5.3: (a) and (b) Background template images with clais,sky and elds. (c) Fore-
ground containing load. (d) Regions where di erent subtramon algorithms are applied.

The loads of an IM train can be broadly classi ed intocontainers and trailers. The
containers are rectangular box shaped structures as shownkigure 5.2(b-e). The trailers
di er from containers in that they have wheels near their botom as shown in Figure 5.2(f).
The containers are stacked on rail cars in the following twooa gurations: Single Stack
which has only one container on the rail car (See Figure 5.2(@nd Double Stackwhich has
two containers stacked over each other (See Figure 5.2(bl)y,and placed on the rail car.
Once the video of IM train is obtained, the next step is to sepate the foreground from the
background. The background is de ned as any part of the imagehich does not belong to
the IM train. e.g., sky, ground behind the train etc. See Fige 5.3 for sample background
and foreground frames from the videos we captured. A simplerplate based background
subtraction algorithm does not work properly for our case,isce the background changes
dynamically e.g. clouds change position over the durationf arain movement. Thus, for
robustness of background subtraction, we adopted the foling three stage algorithm.

65



Edge detection based method is used for background removedrfi above the top of
the loads (region marked Red in Figure 5.3(d)) and gaps betee consecutive loads
(region marked Green in Figure 5.3(d)) is removed usingdge detectiormethods.

For the gap boundaries which are not straight as is for doublstacks with unequal

lengths (See Figure 5.2(c,d)), the background in the smalkgion near the edge of
the smaller stack (region marked Blue in Figure 5.3(d)) is reoved using a windowed
GMM [118] method.

Each of these methods is explained below.

The loads have box shaped structure, which gets projected agectangular shape in an
image. Thus a load can be characterized by a top edge and twaeiedges. The enclosed
region corresponds to the load i.e. foreground, and the oids region is background. A
gradient based edge detector is applied to each frame to obsta binary image with edges of
the loads getting the highest intensity value of 255. Due tover exposure of the images in
the train video, some of the detected edges may not be contous, thus we dilate the edge
image using a 5 5 mask. Figure 5.4 shows the edge detection and dilation résu

(@) (b) ()

Figure 5.4: (a) Original Frame containing a load. (b) Edgesfdhe load detected. (c) Dilated
Edge image.

In this dilated edge image, we need to identify the top edge tife load. As the background
usually contains structures like sky, clouds and bushes, wh have low frequency compo-
nents, the edge detection process detects very few edgesnfrine background. Since the
loads are almost rectangular in shape their top edge is assedinto be a straight line. Thus
the rst pixel location where the sum of intensities along-direction peaks is taken to be the
top of the container. This is depicted in Figure 5.5. The regh above this pixel location in
the image frame is considered to be background. Now, we reradyackground from the gaps
lying between the vertical boundaries of consecutive loadSince the containers and trailers
are long, only some portion of their length gets imaged in ceacutive frames. In fact any
load can be imaged in four possible con gurations as shown kigure 5.6. Three of these
con gurations (a-c) contain gaps or part of the gaps.

To detect these gaps, we start from the leftmost column of thenage frame and look at the
location of the highest edge pixels alongdirection. These locations have higher y coordinate
values for loads and lower values for gaps. We decide on a streld T h, and whenever the
di erence in measurement in consecutive columns exceetll we signal the presence of left
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Figure 5.5: Detection of top edge of the load.

(@) (b) (©) (d)

Figure 5.6: (a) Left part of the gap is visible. (b) Complete gp is visible. (c) Right part of
the gap is visible. (d) No gap visible.

side of the gap. Similarly we repeat the process to nd the rig side of the gap. The threshold
Th can be calculated as follows. The height of the rail car and ¢hcontainers is xed and can
be obtained from freight train manual [129]. Assuming pergttive projection, the height of
rail car h, in image pixels is computed using the parameters of the camaesetup. Similarly
we can calculate the height of a single stack (smallest in gt among all loads) in image
pixels ashgss. Their dierence i.e., hgs hyc is our thresholdTh. Figure 5.7 depicts the gap
detection algorithm. The above algorithm is su cient for detecting gaps, which do not have
a double stack container with unequal length stacks on eithef its sides (Figure 5.3(c)). In
such cases, the above technique based on edge detection dwlps in removing a part of
the gaps between longer stacks as shown in green color in Fg6.3(d). In order to remove
background near the shorter of the two stacks (blue region iRigure 5.3(d)), we apply the
GMM method described in [118]. In this method the temporal pel intensities obtained
across frames at one particular location are modeled as a muise of gaussians. In this work,
we input all the intensities in background frames captured dfore the arrival of IM train
(see Figure 5.3(a,b)) and the intensities from the backgrow regions detected using edge
based method to learn the parameters of the gaussians copesding to the background.

67



X

Figure 5.7: Detection of gaps in between the loads.

Since we do not have any prior knowledge about the presencesath kind of gaps, we apply
this adaptive algorithm near the boundaries of all the gapsedected using our previous edge
based method. We thus use edge based and GMM based continuopmization technique
for robust background removal as seen in Figure 5.3.2 in Siect 5.3.2.

5.3.2 Results

In this section, we describe the results obtained by applyinthe continuous optimization
technique proposed earlier. As can be seen in Figure 5.3,2fathe input is an image frame
containing a load. Although there are many clouds in the bagktound, they are not very
sharp and are easily removable using edge detection techreg. The top edge and the gaps
are detected based on the technique described above. In theantime, the GMM based
algorithm is also learning the intensity between the gaps dselonging to the background.
This is helpful in removing background from the region neatie smaller stack out of the two
stacks in the double stack con guration. This is shown in Figre 5.3.2(e,f). The next step is
to calculate the velocity of the IM train from the backgroundsubtracted images generated
before. We assume that the motion of the train is horizontalrad there is negligible vertical
motion. A correlation based technique is applied to get theixel location where there is
a best match between consecutive frames. Since a two-dimienal correlation is not very
fast and our application should be near real time, we appraxiate it with a one-dimensional
correlation. This is done by summing up the intensities in tev consecutive images column
wise and then correlating these summed up 1D arrays. The sunmg operation takes care
of the small motions in vertical direction. The array index 6 maximum correlation denotes
the optimal pixel shifts between consecutive frames and isius the velocity of the train in
pixel shift per frame Thus the estimated optimal velocityvqy(l1;12) can be written as
|
X X X '
Vopt(l1; 12) = argmax 11(X;y) [o(X + Vv;y)
Y x y y

where, 1, and |, are two neighboring image frames. Thus, we are able to do bgckund
subtraction using the prior information about the problem ve are solving. This information
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@

Figure 5.8: (a) and (c) Example frames from a video. (b) and {dCorresponding background
subtracted frames. (e) and (f) Gaussian Mixture Model basedackground subtraction re-
moves the background from the gaps near the smaller stacksardouble stack con guration.
(g) Mosaic of an intermodal train consisting of backgroundubtracted loads.
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is in the form of the rectangular edges of the train. In addiobn we also use a GMM model
to learn the background and remove it from some parts of the ga between the loads. In
the next section, we describe another discrete optimizatidbased framework for background
removal. This technique calculates velocity of the train athdoes background removal simul-
taneously. Once the velocity estimate and the background Btracted frames are obtained
as described in Section 5.3.1, the nal panoramic mosaic iseated as follows. We extract a
patch of pixels of certain width from the center of the frameand then paste these patches
on one large image. The width of each patch is equal to the velty estimate of the train
in the frame, from which the patch was taken. The reason beirthat the velocity estimate
describes the amount by which the pixels have been shifted.hlis by selecting patches of
length equal to the velocity we make sure that there is leastverlapping region between
consecutive patches when we create the mosaic. Since distor is least in the center of the
image, we choose the patch located at the center of the imagEigure 5.3.2(g) shows our
results on mosaic generation for one IM train. The length ohe gaps can then be obtained
from the background subtracted panoramic mosaic by measng the number of background
pixels between the loads. These pixels have an intensity ofdue to the application of
background removal on them.

5.3.3 Discrete Optimization Approach

This section presents a new algorithm for background detesh and velocity estimation

simultaneously in an energy minimization framework. Any irage frame from an IM train

video consists only of objects which have either large veityci.e. the load or small or zero

velocity which is actually the background. Thus if the veloity of each pixel in the image

frame is known with high accuracy, then the image can be easttlassi ed into foreground

and background. If we assume that the unknown velocity at ehcpixel location in an

image belong to a Markov Random Field ,we can formulate an emrfunction whose minima

will give accurate velocity estimates. This error functionis popularly known as energy
minimization function in computer vision literature [4]. A number of optimization techniques
(See Chapter 2) exist for minimizing this function. We applya recent developed technique
called Graph Cuts [1], which is a fast combinatorial optimiation method to obtain smooth

and regularized solution. Conventionally an energy funain is de ned as :

X X
E(f)= Dpo(fp) + Vipag(fpi fo) (5.1)
p2P fp:gg2N

wherep is a pixel location in an imagef = ffyjp2 Pgis a labeling of the imageP, Dy()
is the data penalty function which signi es how much cost oné paying to give a particular
label to one pixel, V;p.qq iS @n interaction potential and signi es the cost of giving derent
labels to the neighboring pixel locations, andN is the set of all pairs of neighboring pixels.
In our problem we de ne the labels as the unknown values of theelocity values at each
pixel location in an image frame. This is the unknown velogitof the train in pixel shifts
per frame. Thus the label setis f, = f0;1,2;:::;vg. We de ne the data term at a pixel
location p as follows. A Windowwg of sizec c around the pixel locationp in reference
image framel (See Figure. 5.9) is taken. Assuming local smoothness ofoaty estimates
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Figure 5.9: Consecutive input frames of a intermodal trainideo. A pixel locationp in image
frame | is assigned a velocity off. Thus the point p can be found at di erent locations in
di erent image frames which di er by their x-coordinate locations. If the assigned velocity
label v is optimum or close to optimum the data termD, in Equation 5.2 peaks for that
label.

in the window Wl'D, let us suppose the velocity label of the patctwv centered at pixel location
pisv. If this assigned velocity label were the correct velocity, then the patch would moves
to location p+ v in the (I +1)th frame andp+ 2v in the (I + 2)th frame and so on. We
propose the use of illumination invariant metric: Normalied Cross Correlation(NCC) for
measuring the similarity between two image patches. Thus,ende ne the cost of giving the
patch W, a velocity v as the NCC of image features (intensity, gradient informadin etc.)
between this patch and the patches in the frames which are kated at intervals [ n; n] with
respect the reference framé. This is explained in Figure 5.9. An important assumption
here is that, since the motion of the train is horizontal, theunknown motion labelf, should
only account for motion along thex-direction. The vertical motion is considered to be zero.
The data penalty function Dg can thus be de ned as :

P n | oyp l+t
= n NCC(Wy;wWiry ) 5.2)
(2n+1) '

Do(v) =

wherev is the velocity label given to pixelp in imagel, n is the number of frames to which
the window w in | will be correlated with and is taken on either side of the refence frame
| and Wl'D is the spatial window taken in image centered at pixel locationp.

The image feature being used is the intensity values insided windoww. Although other
image features like image gradient etc. can also be used buice the number of edges is
usually less, they lead to sparse velocity maps. In order tanalyze the goodness of the
error function in the data term de ned in Equation 5.2, we obain the initial estimate of the
velocity map for the reference frame, without applying any smoothness constraint. This
is done by calculating the velocity costs for each possiblelocity at each pixel location and
then assigning the velocity which gives maximum NCC value tilnat pixel. The classi cation
of a pixel as background/foreground is done by di erentiatig the regions with larger velocity
cost with those with lower velocities based on some thresdol The process is repeated for
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all pixel locations across the image. An example of the obteed map by using the data term
Dg as in Equation 5.2 is shown in Figure. 5.11(a,b). We observhdt the velocity labels for

the pixels belonging to the train are good and close to cortteeelocity. But there are also

exists some erroneous estimates of velocity of the backgndun the gaps between the loads.
This behavior of the data cost can be analyzed as follows.

Since the background in most of image is relatively smoothhé NCC at the regions of
the image belonging to the background do not get any enoughrehg matches and it peaks
for incorrect velocity. This is explained in the Figure. 5.0 where the top left image is
the reference image for which the velocity map is to be calatéd. The rst row shows

V=0 E .

Figure 5.10: The data termD?° for smoothly textured background (marked inside a black
square) in the top left image results in erroneous correlaim peaks.

the three consecutive frames of a moving train. A window (cated black)/patch is chosen
from the background in the rst frame. Since there are no sharedged clouds or any other
high gradient object in the background, the window consistef uniform intensities. Let the
velocity v of this patch be 0 which is the correct velocity for backgrouh Then the obtained
window patches in the next two frames are shown as yellow sgaa. It can be seen the
correlation between the three patches (which are zoomed iecond row) will come out to
be low since the train pixels have occluded the background #ie yellow colored patches.
Whereas, if the velocity of the patch (black window in top ldfimage) in the background is
assumed to be high e.g. 30 pixels of shift, then the NCC with ¢hcorresponding patches
in the next couple of frames (green box and zoomed in the thimew) will peak. Although
the patches in the third row are not of the same part of the bagkound yet due to absence
of texture they all look similar and thus the NCC value is oughto maximize for higher
velocities. This causes erroneous data cost vector for dixén the background and we obtain
noisy velocity estimates in the background between the loads is shown in Figure. 5.11(b).
Such patches will always be there if the background is textarless and the data penalty
vector will not be able to model the background if it is smooth

One of the solutions to this problem is to remove the uniformeixture from the background
as the rst step itself and then apply the data termD?°. This is done by simply subtracting
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the template of the background which was obtained before theain arrived. Although we
had mentioned before that the background in the intermodalrain video moves and template
based solutions are thus not good, yet it can be noted that suenovements are visible for
the edges of sharp clouds which are moving. Otherwise movetef a smooth textured
cloud is not a problem as due to its smoothness it does not cauany intensity change on
a spatially static window placed in the background. In Figue. 5.11(d) we show the result
of rst removing the texture less background and then applyig the data term D° as in
Equation 5.3. We observe that most but not all of the backgraud is removed.

(@) (b) (©) (d)

(e) (f)

Figure 5.11: (a) Input image from a video of an IM train (b) Bakground subtracted frame
when the image feature being used for NCC. (c) Another Inputnage frame (d) Background
subtraction is done by rst removing smoothly textured regons and then applying NCC. (e)
and (f) NCC Vs Velocity labels for two pixel locations locatd on the train. As can be seen
the correlations correctly peak on train velocity 40 pixelper frame.

But still, we observe as in Figure. 5.11(c) that when there arsharply edged clouds moving
with slight velocity in the background the data termD °is not able to model it. These regions
are still getting erroneous velocities. This happens becsalalthough a patch of background
taken in this region does not su er from the drawback of smoébttexture described previously,
yet it is possible that the train regions occlude them quite gjckly in the consecutive frames
of the reference frame. Thus the erroneous correlation vakl average out the nal NCC
when computed over all the 8 + 1 frames. This is shown in the Figure. 5.3.3(b) where we
have plotted the NCC values at a pixel location marked with re dot (see Figure. 5.11(c))
taken on the edge of the cloud. As can be observed the NCC plates not peak for lower
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velocities rather the NCC values are almost same for most dhe velocities. To overcome
this situation, we re ne the data term described in Equation5.2 as explained below. The
previous data term gave equal weight ogt}-—l to each correlation between reference patch
and all the other 2 frames. Since we have more con dence in NCC values on the gads
from frames which are near to the reference frame patches, weight the correlation values
according to their temporal distance from the reference frae. Thus we de ne a new data
term D as follows :
X' NCC(w ;w'*t ) #

1 — p+(t v) _
Dp(v)— it K =2 (5.3)

t= n

where jtj is the absolute di erence between the index of the referendeame and thet™
neighboring frame,K is the normalizing factor such that the Drl)(v) 1. This leads to
better modeling of the background containing objects withdges e.g. clouds or trees. This
is shown in the NCC Vs velocity labels plots in Figure 5.3.3(I& d). As can be seen in
Figure 5.3.3(c), there is a clear improvement in the backgood subtraction and the NCC
value correctly peaks for lower velocity labels, thus modely the motion of clouds in the
background. It can be seen that although there has been impement in the background

(@) (b) (©) (d)

(e) (f)

Figure 5.12: In all of these input images the texture less riems were removed rst using
template based background removal(a) Background subtraat frame using data termD?

(b) NCC Vs Labels plot for a point selected in the background(c) Using data term D2.

(d) Corresponding NCC Vs Labels plot. (e) Using data ternD? we obtain best background
removal (f) Corresponding NCC Vs Labels. As can be seen, thidot peaks for correct
velocity which is around 0.

subtraction, yet there still exist regions in the backgroud which are getting detected as
foreground. This is evident from the erroneous foregroundh iFigure 5.3.3(c). In order
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to still improve the data term and with the observation that there are still regions in the
background which are getting high correlation values for gh velocity labels we re ne the
data term D? into D2. We found out that D* usually fails in the regions lying close to the
edges of the loads. Since we are correlating a pixel locationthe reference frame withn
number of frames which came before and after the current reéece framel , there is a high
probability that this regions will get correct correlation windows from at least one out of
the following two sets of images: image frames coming befdhe reference form one set
(e.g. Image framed +1;1 + 2 in Figure 5.9) and those coming after the reference frame
constitute the other set (e.g. Image frame$ 1;1 2 in Figure 5.9). In previous data
terms, we were averaging the NCC obtained from thettand t frames, so regions which
were getting good estimates from at least one set were getiiaveraged and not peaking for
correct velocities labels.Thus we modify the data term as lfows. We take the maximum
value of the correlation obtained by correlating referendeame with image frames taken from
both sides of the reference frame. Thus, the set which givelglhest correlation becomes the
data term for that pixel location p, . Thus we have :
!

. + . + '

X NCCMp M )y X NCCMI Mt )y g

D2(v) = max . .
(V) jtj - jtj

t= n

In Figure 5.3.3(e) we show the obtained background subtraed image after the data term
D2 has been applied. As can be seen the NCC plot for the red pixebipt gets a low
( 0) velocity label as correctly belongs to the background. Ailitionally, on comparing
the velocity mapped frames in Figure. 5.3.3(c & €), we obsena clear improvement in the
background subtracted frames, where of the erroneous vet@s at the boundary of the load
has got corrected. Finally, the smoothness modg},, in Equation 5.1 is de ned as the cost
of smoothness between nearby frames. We de ne the smoothmdanction as the Pott's
model [1]. This model is de ned as

Vog= K T(fp=1y)

whereT () =1 if argument is true elseT() = 0. Finally we analyze a situation where the

Figure 5.13: Repetitive texture causes ambiguous NCC vakievhen the data termD? is
applied on the pixel marked red on the leftmost velocity map.

smoothness functionv,4 helps to obtain smooth and thus correct solution, if the datderm
is not discriminatory enough. The background subtracted &me shown in Figure 5.13(a)
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contains a number of locations in the region inside the traiwhere the initial velocity estimate
is not correct. We choose one such point in the BG subtractedhage and also locate its
location in the original train frame, both marked with red dd. On plotting the NCC Vs
velocity labels plot, we nd that the correlation peaks havepeaked for multiple labels. This
occurs due to the presence of repetitive texture on the suda of the train. For such regions
in the image the NCC based data term will peak for multiple velcities out of which only
one is correct. Here, we rely on the smoothness functidfy,qq de ned in Equation 5.1 to
assign them the correct velocity labels. Thus the nal eneggfunction to be minimized can
be de ned as X X

E(f)= DS(f p) * Vip:ag(fp; fa) (5.5)

p2P fp:qg2N

We apply the expansion based Graph cuts approach proposed in [1] for ememinimiza-
tion. We show and describe the obtained results in Figure. B! in Section 5.3.4.

5.3.4 Results

In this section, we show the results obtained after modelingackground subtraction for
Intermodal freight trains as that of motion estimation. Theproblem of motion estimation can
be modeled in a discrete optimization framework. On applymgraph cut based minimization
technique in this framework we obtain the results shown in Bure 5.14. The size of each
input image is 320 240. Without applying any smoothness to the background rerval
map and using just theData Term, we get the velocity maps as shown in Figure 5.14(d,e,f).
This causes some amount of noisy background removal in onetloé images, in the form
that background is not removed properly from between the gap But after the application
of smoothness constraints and Graph Cuts, it can be seen that get smooth velocity maps
whose value is typically around 40 pixel shifts per frame. Walso observed that the velocity
map of a train consists of two velocities which are close to@aother and di er by 2 pixels
per frame in most cases. See Figure 5.14(g,h,i) in detail. &Hower part of the velocity
maps has a higher velocity and the upper part has higher velgc This happens because
the camera from which the video is being captured is locatedhdhe ground and pointing
towards the moving train. This the lower part of the train is doser to the camera compared
to the upper part. Due to this and the fact that imaging is donewith perspective projection,
the input images are actually slightly distorted. Thus the bwer part moves more number of
pixels from one frame to the other compared to the upper parfThe strength of the proposed
framework can be seen from the fact that the velocity maps ateeing calculated with such
high accuracy.

5.4 Comparison of Various Techniques

In this section, we compare and then analyze the various teglques of background removal
based on a frame from an Intermodal Freight train. In Figure A5, we show the results ob-
tained from various techniques. The input frame is shown inigure 5.15(a). This image has
been chosen as a general representation of the kind of imagasountered in our problem of
background removal. It contains a sharply edged cloud and¢hedge of the left container falls
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Figure 5.14: (a-c) Input image frames. (d-f) Initial estim&es using data termD? (g-i)
Regularized velocity estimates obtained using graph cutglj Background subtracted frames
overlaid over velocity maps.

near this edge. In such cases, the edge based algorithm diésat in Section 5.3.1 will per-
form poorly because the sharp edge of the cloud will be a stigonoise for this algorithm. The

output from other basic background subtraction algorithmsare shown in Figure 5.15(b,c,d).
In (b), the background has been removed using a template bassubtraction method, where
the template was the initial frame of the video. Most of the bekground is not removed as
template based removal algorithms are a function of a constacalled threshold. Thus due
to the movement of clouds and the changing intensity of lighin an outside environment
results in bad background removal. The Gaussian Mixture Mad (GMM) based algorithm

is used for removal in (c). This algorithm performs better tan template based removal
and removes most of the background. But some of the backgralibetween the gaps is not
removed at some pixel locations. This happens because théeirsity values at those pixel
locations have been learnt as foreground. The reason forghs that the intensity on some
of the loads passing through that pixel location are close the intensity of the background

at that pixel location. In (d), we show the output of our Graph Cuts based algorithm. It

performs better than all the other algorithms.

5.5 Summary

In this chapter we have proposed a discrete optimization bad background removal technique
for train monitoring system. This techniques relies on the ssumption of the unknown
velocities belonging to an MRF. This this allows the applid@gon of smoothness constraints
on the nal solution. We have also applied another continuasioptimization technique called
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Figure 5.15: (a) Input image from which the background is to & removed. (b) Image
obtained after template based subtraction at pixel level. ) Gaussian Mixture Model (GMM)
based background removal. (d) Proposed Graph Cuts based kgmund removal. As can
be seen, the proposed technique performs better than the ethtwo methods

Gaussian Mixture Model(GMM) along with the prior knowledgeof the shape of the loads
of the train for background removal. This background removaechnique works in most of
the cases where we can rely on robust edge detection which ao® - erroneous too. In the
sense, that this algorithm might not work properly for vides win which there is a sharp
cloud in the background. In order to handle such clouds and leér slightly moving objects
like trees we have developed the graph cuts based backgrouedhoval technique.
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Chapter 6

Depth Estimation

6.1 Introduction

Images map the three dimensional world onto a two dimensiongrid composed of pixels.
The intensities associated with the pixels store the colonformation of the world. The goal
of Computer Vision is to nd an inverse mapping where the inflonation stored in images
is used to infer information about the corresponding scenehweh has been imaged. Various
imaging techniques like omnifocus imaging (See Chapter 4hch background removal (See
Chapter 5) are some of the techniques which extract informiain about the scene. For ex-
ample, Background Subtraction gives us the knowledge abaitltose parts of the scene which
are static or have very less motion. Similarly, Omnifocus laging gives us the knowledge
about those parts of the scene which got imaged with focus. Aumber of other imaging
techniques can be used to infer similar information. As canebseen that such information
about the scene are passive in nature i.e. they do not give angncrete information about
the scene e.g. the depth of the objects in the world being imedy The structure/depth
information about a scene is lost in the mapping between theedimensional to two dimen-
sional. This information is critical to many applications ¢ Computer Vision like Robotics
where the depth of objects in the scene is required for a smhatavigation of the robot.

As described in Chapter 4, a number of depth estimation teclques exist in literature,
where di erent features extracted from an image can be used a cue for predicting depth.
The focus and defocus cue is one such image cue where the amotiblurring in an image
can be used to infer depth of the scene. This is done by using ackis Measure criteria to
nd the image in which an object is in focus. Based on the knoetlge about the distance of
the sensor plane on which that image was captured, the deptfithe scene can be calculated.
But, as described in Chapter 3, conventional cameras can t@conly over a limited range
of depths which satisfy the thin lens equatiorf + 2 =  i.e. they have a limited depth of
eld. Due to this limitation of range of possible depths for aparticular object in a three
dimensional world, the task of depth estimation becomes amgious. This ambiguity in
depth can be resolved by using the depth estimates of neighbng objects in the world. This
is incorporating by imposing a smoothness constraint on thgossible set of depth estimates.
After the optimal smooth depths are estimated, the omnifociimage can also be calculated
as a by product. In the work presented in this chapter, we pragse a new optimization
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Figure 6.1: A set of ve multifocus images of a scene obtaindyy varying the sensor plane
distances on the optical axis. The number '3' gets imaged witvarying amounts of blur from
left image to right image.

framework for obtaining smoothly varying depth estimatesSpeci cally, we rst pose depth
estimation from a set of multifocus images (See Chapter 4) #isat of a Labeling problem
in Section 6.2. Next we propose and explain an energy miniration framework for depth
estimation in Section 6.3. This framework is analyzed forstbene ts in Section 6.4. Finally,
in Section 6.5, we present detailed results and conclusioofsthe proposed method.

The basic procedure of omnifocus imaging and consequentlgpth estimation can be
outlined as follows: First, a set of images is captured by wing the sensor plane distance
along the optical axis, such that objects get imaged with vawsus amounts of blur (including
zero blur) in each image. This set of images are referred emultifocus images [125] (e.g.,
Figure 6.1). As demonstrated in Figure 6.2(a) and (b), the imge formed on each sensor
plane contributes to the set of multifocus images. Furthera focus measure value [52, 54] is
calculated at each pixel location across the set of multifas images. This measure gives a
numerical value of how focussed a pixel is in an image. The fsomeasure function is de ned
such that it attains a extremum value for the image frame, in Wich the pixel gets focussed.
The pixel intensity from this focussed frame is extracted ahcorrectly pasted on a new
image. As the distance of the focussed frame from the opticnter is also known, the thin
lens formula can be used to obtain the depth of the focussedei in the world. This process
is repeated for all pixel locations and an omnifocus image @ithe corresponding depth map
is obtained. Previous methods of omnifocus imaging [52, 54¢re local in nature, as the
decision of a pixel being focussed in a frame was taken indegently of the neighboring
pixel. These methods do not exploit the fact that most of the lojects in the world being
imaged are locally planar. Thus the probability of nearby piels being at similar depths
and in turn getting focussed in the same frame should be higlsuch a dependence can be
captured by assuming that the unknown depths of the objectsding imaged belong to a
Markov Random Field (MRF) [4]. The assumption of MRF is quitepopular in vision and
has been used in problems like stereo [1] and segmentatioB][fo capture the contextual
dependencies of disparity and intensity respectively. MRI=give a mathematical formulation
for explicit regularization of the unknown depths of the obgcts in the scene. We take
advantage of underlying smoothness in depths of objects bgiimaged and obtain accurate
depth maps and omnifocus images. The usefulness of our agmtois discussed and analyzed
in Section 6.4. Results on real data sets are shown and expkl in Section 6.5. The main
contributions of this work can be summarized as follows:

1. Depth estimation is posed as a labeling problem (Section2§$ which is put in a
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maximum-a-posteriori (MAP) estimation framework. The maxmization of posterior
probability is converted to an energy function which is minnized using global opti-
mization technique of graph cuts [1, 18, 22].

2. An explicit smoothness constraint is imposed on the deptvalues of nearby pixels in
depth from focus problem. This leads to accurate recovery object boundaries in the
depth map which is otherwise di cult to achieve using convetional depth from focus

techniques.

3. The dependence on using robust focus measures for omninaging is reduced, by
enforcing the smoothness constraint. So even if a pixel gétsccurate depth estimate
by using only focus measure criterion it can correct its deptby using the information
of its neighbors. This makes the solution applicable to a veaty of scenes.

Lens Image Frames

N =N

Lens Image Frames

U, V, —~3

(b)

Figure 6.2: In (a) a set of multifocus images is created by arbgect at distance U;. When
the object is moved to a new distancé&,(> U,), a new set of multifocus images are created
as shown in (b). Thus there exists a unique mapping betweenehdepth of an object and
the set of multifocus images being created.
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6.2 Depth Estimation: A Labeling Problem

We formulate depth estimation as one dfabeling probleni130], where a pixel location across
the set of multifocus images can be assigned a depth from a sétcandidate depths which
belong to aMarkov Random Field (MRF). Finding an exact solution to the labeling problem
is NP-hard, because the search space is exponential in siB@wever, the assumption of MRF
on the possible depths alleviates this problem by imposingsamoothness constraint among
the depths of neighboring pixel locations. The labeling pldem can then be solved by
formulating it in a MAP-MRF framework and obtaining a suitable energy function which
can be globally minimized using graph cuts [1]. The rationalbehind formulating depth
estimation as a labeling problem is:

1. Unique mapping between multifocus images and scene depth: A set of mul-
tifocus images is captured by varying the sensor plane logats along the optical axis
and keeping the imaged object stationary. On moving the obgealong the optical axis,
a di erent set of multifocus images is generated. This is uktrated in Figure 6.2(a)
and (b) where moving the object fromU; to U, generates a new set of multifocus
images. Thus, under the constraint that the sensor place lattons on the optical axis
remain constant, there exists ainiguemapping between a set of multifocus images and
the underlying depth map associated with it. This mapping ca be used to estimate
the unknown depths of the object in a labeling problem frameavk. This framework
allows for the formulation of an error function whose globahinima corresponds to the
correct set of depths (Section 6.3).

2. Allows a probabilistic framework which can encode depth smo othness: In
a labeling problem, if we assume that the unobserved varia@s belong to a Markov
Random Field (MRF) then we can mathematically de ne the smotthness constraint in
the scene. This is achieved by formulating the labeling prédm as a MAP estimation
problem over the set of hidden labels and then maximizing theroduct of likelihood
and prior. The de nition of likelihood is problem dependent but the priori can only
be de ned probabilistically if an MRF exists over the depths which in turn can be
done only if the problem is de ned as that of labeling.

Figure 6.3 gives a pictorial representation of the proposddbeling framework. Input mul-
tifocus images are denoted a® = fli;l,; ;Ing where each image is of sizen( w). A

2 dimensional gridG of size i w) which corresponds to the images ifD stacked over
each other is created. The depths in the scene are sampledoitt discrete depth values as
H = fd;;dp; ;dkg. As H is not known a-piori it is a hidden variable Figure 6.3 shows
a pixel location p along with its three neighbors at which world pointP gets imaged with
varying amounts of blur across the set of multifocus image3. Pixel location p denotes the
depth of P in the world and can getk possible depths. We attach a vector of two dimensional
intensity windows of size ¢ v) centered aroundp corresponding to each multifocus image
in O. This is the observed variableorresponding to the blurred images of world poirfe in O.
As the size of the image grid isi{ w) and each pixel location in it can be assignekidepths,
there existsC = k" ") possible con gurations of assigned depths to the completaage grid
G. But, from the unique mapping betweenO and H, only one of the optimal con gurations
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Observed Intensity Variables
from N Multifocus images

0={1,,1,,...1,)

Observed N intensity windows
of size uXvaround a pixel
location p stored as a vector.

Pixel location p 1

Image grid G

.

Cliques
of size 2

Figure 6.3: Four neighboring pixel location sites belonginto a grid G are shown. Each
observed intensity vector belongs to the set of multifocusnages and can be labeled by a
depth value which belong to a Markov Random Field. This is a lzeling problem.

of depth will correspond to the given se©. Finding this optimal con guration of depths
from C is referred to as dabeling problem

The image acquisition is done using a non-frontal sensor cama [2], which captures a set
of multifocussed images in one panning motion. The sensdt tiauses objects to get focussed
at di erent sensor plane locations. The captured images arthen registered to obtain the
set of multifocus image<0.

6.3 Energy Minimization Framework

As explained in Section 6.2, the set of multifocus imagé&3 being generated depends upon
the depth of the objects. This can be formulated as the maximation of posterior probability
Pr(HjO). Applying Baye's theorem, the posterior can be written as aroduct of a likelihood
probability and a prior probability. For our problem of depth estimation we show that
the likelihood is nothing but the focus measure at each pix&cation, and the prior is the
probability distribution of the depth labels belonging to aMRF. Thus the MAP estimate
can be written as,

argmax Pr(HjO) = argmax Pr(OjH) Pr(H): (6.1)

H H

where Pr(OjH) is the likelihood of the set of multifocus image€© and Pr(H) is the prior on
depthsH.
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Likelihood:  The likelihood denotes the probability of generating the $eof multifocus
imagesO given the set of hidden depthdd. We know that varying the object distance from
the optic center (See Figure 6.2) results in di erent amourgt of blur in the multifocus images.
Since the blur model is not known exactly, it is di cult to predict the image formed by an
object. Therefore, instead of predicting blur across all #n multifocus images, the frame in
which the pixel locationp is most focussed is predicted. As the focussed frame will @apond
to minima or maxima of afocus measurevector, the likelihood of image intensities at pixel
location pis de ned as the focus measure vector at that pixel locationlaking this likelihood
over all the pixel locations inG, the complete likelihood ofO is obtained. We note that the
length of the focus measure vector gb is N but the number of possible depth labels ik
(jHi = K). Thus the focus measure vector is resampled to lengkh The new focus measure
vector of length k is referred to asF and the focus measure value corresponding to depth
di 2 H at pixel location p is denotedF(d”). We have used the focus measure proposed in [54]
which is robust near the intensity edges and the minimum vaduin this vector corresponds to
the focussed frame. Thus, the complete likelihood of muli€us image< given the hidden
depth valuesH over the grid G is de ned as:

Y
Pr(OjH) / expf  F(d")g: (6.2)

fp2G;di2Hg

Prior:  The world which is being imaged consists mostly of planar agts with smoothly

varying depths. The depth of a pixel in 3D world is not indepettent of its neighbor's depth;
rather all the neighboring pixels are highly probable to haw similar depths except for the
object boundaries. Such a neighborhood dependency can betaeed by assuming a MRF
over the depth labels in gridG. The MRF assumption helps us two fold: First, it helps us in
imposing an explicit smoothness constraint on depths of mgiboring pixel locations. This is
derived from the Markovian property [130] de ned on a-neighborhood systeniN, around

p as

Pr(HpjHat pg) = Pr( HpjHx,):

which says that the depth corresponding to any pixel locatiop in the gird G depends only
on the depths of the pixel locations in its neighborhoobl,. Further, assuming Gibbs random
eld [4] over the grid G the prior distribution of H over the grid can be de ned as:

X
Pr(H) / expf Ve(H)g: (6.3)

c2Q

where, V¢(H) is referred asclique potential over the set of all possible clique® in the grid
G. Since an MRF overG is de ned for a 4-neighborhood systemQ is limited to cliques of
size2. Thus combining (6.1),(6.2) and (6.3) the posterior distihution can be rede ned as:
Y X
argmaxPr(HjO) / argmax [ expf F(d’)g] [expf V:(H)g]o: (6.4)
H fp2G;di2Hg c2Q

Energy Minimization: The problem of maximizing the posterior probability in Equa
tion 6.4 is converted to a minimization problem by taking itsnegative log [4]. The resulting
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function is called as anenergy minimization functionand is denoted a€s(H). From Equa-
tion 6.4 we have,

X X

E(H) = F(dP)+  Vc(H) (6.5)
fp2G;di2Hg c2Q
X X
- F(dP) + V() (6.6)
fp2G;di2 Hg £ p 2 Np;(p;p*)2 Gi(dizd0) 2 Hg
= Egata * Esmooth (6.7)

The rst term Egyaa IS referred to as theData Term and is the cost of assigning a deptl;

to a pixel location p in grid G. This cost is our focus measure function as discussed earlie
The second termEgmoom IS called the Smoothness Termand de nes the cost of assigning
di erent depths to neighborhood pixels. In Figure 6.3, we gbw the assignment of coSEgata
to the link joining the observed variables to the hidden vadbles and the assignment of cost
Esmooth 10 the edge joining neighboring hidden variables. The smdatess cost becomes large
if the nearby pixels are labeled with depths values di erindpy large amounts. Thus energy
minimization function favors depth labels which are closenteach other. We propose the use

of a piecewise smootmodel [22] forV which is given byV(df’,dp )= A min(B;jd® db J)

A number of discrete optimization techniques like graph cst[1, 22] exist which can solv&

approximately in polynomial time. We have used graph-cutsl] to obtain smooth depths.
Speci cally speaking we use -expansion algorithm which is bound to nd a local minima
of E which is close to the global minima [1]. Once the optimal deptmaps are known at
each pixel location, the thin lens formula can be used to prexd the image distance. From
the sensor plane location lying closest to this distance, wean extract the focussed pixel
intensity. Repeating this process for all the pixel locaties generates the omnifocus image.

6.4 Analysis and Discussion

Many problems in computer vision have been formulated as laling problems e.g. stereo [1],
image restoration [31] and recently interactive segmentan [1, 131, 132] and digital pho-
tomontage [133], and solved using discrete optimizationdeniques like graph cuts. This
work introduces the problem of depth from focus into this exgting class of computer vision
problems. Our method has the following three advantages.

1. It allows simultaneous omnifocus imaging and depth estation from one single camera
by posing it in a global optimization framework. Since the aaera is panned [2] to
obtained a large set of multifocus images, a large eld of WwgFOV) is also covered.

2. The smoothness constraint is imposed on the depths of théjects in the world by
introducing a Markov Random Field (MRF) in a MAP framework. Depth estimation
is typically a di cult problem as it relies on noisy pixel int ensities in images. To alle-
viate the noise problem in imaging, we have posed depth froradus in a probabilistic
framework. Prior research has emphasized on improvementfo€us measures and thus
the nal depth map is dependent on the goodness of the focus aseire. This work
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relaxes this constraint to some extent by proposing a formation in which, even if a
pixel gets erroneous depth values due to bad focus measutegan correct its depth
value by looking at its neighboring pixels depth. This regarization is imposed by the
MRF structure of the unknown depths (See Section 6.3).

3. The energy functionE imposes a discontinuity preserving model [22] which can mwer
sharp depth boundaries. This is shown in the some of the remulwhich we have
obtained (See Figure 6.5). Obtaining sharp object bounda&s is di cult using other
techniques of depth estimation e.g. in stereo, occlusion@ject boundary and in depth
from defocus, approximation of blurring model by a Gaussiaat depth discontinuity, is
a limitation . Although the blur problem persists in depth from focus, yet our explicit
imposition of smoothness constraint on the nal depth map gdes the solution towards
recovering accurate depth boundaries. The energy functios solved with polynomial
runtime using graph-cuts based techniques. This is impontafor real time omnifocus
imaging and range estimation sensors like NICAM [2].

6.5 Results

Experiments have been conducted on multifocus images of drent scenes captured from a
NICAM [2]. The focal length of the camera was set t&:2 mm and the tilt of the sensor
plane wasl1l:19*. The camera was rotated about the axis passing through therter of the
lens and an image was captured with each constant rotationegi. The resolution of each
image was640 480 pixel and a large number of images were captured for each dagat.
The images were registered with each other using the cameiloration parameters. The
experiments were run on a:16Ghzmachine with 1GB ram. To process a set of images
captured in 2mins the proposed optimization technique takes aroun8minswhich includes
focus measure calculation time.
Table: In Figure 6.4 we zoom on few image patches in thable real data set and show
the various input multifocus images. The rightmost column lsows the same patch in the
omnifocus image. Figure 6.5 shows results on a scene coimgisof textured patterns kept
on a table at distances ranging fron2ft to 5ft. The top row shows the omnifocus image
and the depth map obtained. As can be seen in the rectangularanked region, sharp object
discontinuities are obtained with high accuracy, due to thexplicit imposition of smoothness
constraint on the nal depth maps. In the depth map, the lowergray values indicate closer
objects and higher gray values indicate farther objects. Ehscene consists of few regions
with no intensity variations where the obtained depths are aisy. Since it is di cult to detect
blur in such regions, the focus measure is weak and does ndpha giving correct estimates.
Circles: Figure 6.6 shows results on images of a scene which does neoitsisd of highly
textured regions. There are two planes with focus informain mainly encoded in the edges
of the circles and the numbers. Applying piecewise smooth hel, leads to accurate depth
estimation. The original depth of the planes is approximatg 1ft and 2:5ft. As shown in
the obtained 3D plot in the second row, the recovered depthseaquite close to the original
being 310mn{1:01ft) for the close plane and780mn{2:55ft) for the far plane.
Oce: Figure 6.7 shows another set of results on a scene consistoigextured surfaces.
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Figure 6.4: The rst row shows letter 'A’ getting imaged acras the set of multifocus images
with varying degrees of blur. In the rightmost corner of top ow, the letter ‘A" which has
been extracted from the omnifocus image is shown. This imageclose to the second input
multifocus image in sharpness. Similarly, in second row vaus multifocus images for number
‘3" is shown. The last column shows the patch from the omnifos image. This image is
close to the third input multifocus image.

There are some errors in the slanted region at the back as itéemposed of smooth intensity

regions.

Thus, we show results on various kinds of textures and smooglrfaces, where the proposed
global optimization based method generates omnifocus inmegyand depth estimates with

high accuracy.

6.6 Summary

In this chapter, we have formulated the problem of depth estiation in an discrete optimiza-
tion framework. An energy function is rst formulated which is composed of a Data term
and a Smoothness term. The data term describes the cost of igagng a particular depth
to a pixel in an image. This cost is obtained by a focus measufenction. This function
encodes how sharp an image is. The sharper it is, the betterathimage will satisfy the
thin lens formula and the depth estimates will be more accuta. But due to the depth of
eld problem, this cost alone is not su cient to estimate the depth of a pixel. Some extra
information in the form of depth estimates of neighboring piels is required to strengthen the
claim. This is encoded as a smoothness cost. This cost alldasnearby pixels to have same
depth estimates. Thus we are able to get accurate depths ugithis framework of discrete
optimization. Additionally, the use of fast optimization techniques like graph cuts makes
the depth estimation algorithm near real time and applicald to real world depth sensors.
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Figure 6.5: The top row shows the omnifocus image and the olstad depth estimates. The
sharp object boundaries are correctly detected as shown inetrectangular box. The bottom
row shows textured map depth maps from various views.

Figure 6.6: Top row shows four input images. The rst column obottom row shows the
obtained depth estimate. The next column shows the 3D plot afbtained depth map. In
the next image we show the obtained omnifocus image.
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Figure 6.7: Top row shows the input multifocus images. The Iimm row shows the obtained
depth map and the corresponding omnifocus image. The nearebjects have lower gray
value. The slanted surface consisting of smooth intensityaxations has noisy depth.
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Chapter 7

Conclusions

The recent advent of polynomial time optimization techniges has resulted in faster, accurate
and better results for the problems in computer vision and tl is the primary motivation
behind the work done in this thesis. Many applications is visn require pre-processed images
for high level inference along with the depth estimates of éhobjects which are being imaged
and they need to be near real time in practice. In imaging theucrent work formulates the
twin problems of omnifocus imaging and background removai &n optimization framework.
The problem of omnifocus imaging is important for obtainindetter quality images in which
everything is sharp. Such images are useful for various heghlevel vision techniques like
object recognition etc. The problem for e cient backgroundremoval is also imprortant.
It is applicable to many areas where surveillance or humanacking are required. Similar
framework has also been proposed to obtain accurate depthiestes of a three dimensional
scene. The estimation of depth from an image or multiple imag is one of the primary
problem of computer vision. Depth estimation techniques arquite important due to their
relevance in many other elds like robotics, where the robstneed to estimate depth and
navigate accordingly to avoid obstacles. The nal goal of Goputer Vision is to make
vision based applications which can run e ciently in real wold. This is facilitated by the
formulation of a problem in an optimization framework and uig fast techniques like Graph
Cuts to optimize them.

In the next section, we outline the primary contributions ofthis thesis. The concluding
section describes the limitations and avenues for futuresearch.

7.1 Primary Contributions

Our contribution in this thesis can be primarily divided into two major elds.

The rst one is imaging. In imaging we have rst looked at the poblem of omnifocus
imaging, where the goal is to obtain an image where everytlgnis imaged with focus
irrespective of their depth in the actual three dimensionalvorld. The input to this

problem is a set of images which have been captured with dient focus settings from
a Non-Frontal Imaging Camera (NICAM). These images are thefused together to
obtain an omnifocus image. For accurate fusion, it is must teegister these images.
We have proposed a calibration based registration technigufor such images. After
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the images are registered they need to be fused together ihgently. This is where we
have developed a new fusing criteria which we refer to asGenerative focus measure
This criteria is used to select the best focussed image frommet set of input images. In
order to make this near real time, we have modeled the omnifegimaging in a discrete
optimization framework, where we use graph cuts to optimiziae solution. The second
problem we have looked in imaging is Background removal, wigewe have developed
discrete and continuous background removal technigues fimamoving background from
a video of a moving Intermodal train. This technique is appéid to a Train Monitoring
System which is a machine vision system. In such real life sgi91s we come across
a number of problems related to imaging conditions which makthe applicability of
standard Computer Vision algorithms di cult. Our proposed techniques have been
able to handle many such critical imaging conditions of chaing lighting, moving
clouds in the background etc. Also since the techniques area proposed optimization
framework, they are fast and e cient.

The second problem we have looked is that of depth estimatiorDepth estimation
is an important problem in Compute Vision. We have used the fs/defocus cue
of a set of images to propose an optimization framework for il estimation. Our
proposed technique estimates depth accurately and takege®f the ambiguity in depth
estimation owing to the limited depth of eld problem for corventional cameras. The
proposed technique imposes smoothness constraint on thetiheestimates, thus also
reading to sharp depth boundaries. The optimization framewk based on Graph Cuts
also makes it fast. As a by product of the depth estimation press, we also get an
omnifocus image.

7.2 Limitations and Future Work

As is with any research work, this thesis leaves more quest®unanswered than it solves or
attempts to solve. Firstly, like any camera, NICAM su ers from the depth of eld problem.
This limits the usage of depth from focus techniques alone fwredict accurate depths since
a set of range values satisfy the thin lens equation. Some ethcues are needed to resolve
this. One of the solutions to this problem could be the use of &tereo NICAM. A stereo
NICAM would consist of two such cameras mounted over each ahthus acting as a stereo
pair. The disparity cue generated from this pair along with he depth from focus cue will
give better depth estimates. Such a camera will also coverdg eld of view in the vertical
direction. In background removal technique using Graph Cst the calculation of Normalized
Cross Correlation at each pixel location is a computationiyl intensive process when done in
MATLAB. A C++ implementation will surely help in improving t he speed of the algorithm.
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