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Abstract

Many problems in computer vision are mapped to minimization of an energy oit &ucation de-
fined over a discrete Markov Random Field (MRF) or Conditional Ran&atd (CRF). The primary
reason for the popularity has been the successes of the graph cetsrbathods in solving various
labeling problems, especially, image segmentation, stereo corresporahehiceage denoising. Subse-
quently, computer vision researchers focused on improving the compuatiagiticiency of graph cuts
based methods. In this dissertation, we present two methods to speed tgpthefs to solve different
MRF optimization problems optimally.

In the first half of the dissertation, we present efficient methods to sye®&tRF optimization using
graph cuts on the GPU. In particular, we present our optimal implementatiba ptish-relabel methods
to solve various labeling problems and show how we have efficiently usksetit facilities available
on the GPU. We also present the incrementaxpansion algorithm to solve multilabel MRFs on the
GPU and show how shifting the energy function computation and graphraotisn to the GPU speeds
up the overall computation. We compare the efficiency of our approamhése problems of image
segmentation, image restoration, photomontage and disparity computation oRAthe G

The second half of the dissertation deals with the minimization of energy fusatiefined over large
images involving millions of pixels and large number of labels. The computation ambrgecosts of
the current vision algorithms increase at a very fast rate with the incre#is® number of the variables
in the MRF. This makes them inapplicable to be used for problems involving ilaages. We present
Pyramid Reparameterization scheme to improve the computation efficiency without sacrificing global
optimality for bilabel segmentation. We also formulate the multilabel problems likeostemeespon-
dence and image denoising on a multiresolution framework u2ymgmid Reparameterization. This
formulation reduces both the computation and memory costs. We model the optimizatdem on
the pyramidal framework to dynamically update and initialize the solution at thertuevel with the
solution from the previous level. The results of this method are compared veisie thbtained using
conventional methods which solve graph cuts on the largest image.

vi
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Chapter 1

Introduction

1.1 Introduction

Many low-level computer vision problems like image segmentation, sterecspomdence, image
denoising (Figure 1.1) etc. are usually modeled as label assignmentmpeobldese problems target
assigning a label from a given set to each pixel or block of image. Trhegenerally modeled on a
Markov Random Field (MRF) or Conditional Random Field (CRF) framéwuith each pixel or patch
representing a variable in the random field which are solved using eméngyization methods.

Figure 1.1 Some of the instances of the labeling problems encountered in computer \kgisintow:
Input images for image segmentation, stereo correspondence and inmajgrde Second row: Their
corresponding output images.

Energy minimization methods try to achieve the global minima of an energy or auwusgion
defined over the image. Over the years, different optimization methodseaveused to solve various
problems in computer vision. But the popularity of energy minimization methodsi$es since the



introduction of graph cuts based methods as a tool to solve them in polynomial Nometheless,
minimization of these energy functions is an NP-hard problem [49]. The kaxibtyp of the problem
also increases as the number of variables and labels increases.

Fortunately, current advancement in the research have seen thecape@f many deterministic
approximate algorithms which have improved the accuracy as well as thergffiof the optimization
methods. This saw new applications being built over these methods.

1.2 Markov Random Field

Random fields are of great importance to statistically model the problem onathe dhey are
generally used to model distributions which are multivariate and multidimensiodah@ not simple
to model. One of such models is Markov Random Field which follows markowviapepties.

Let us take a random field defined over variablesV” ={1,2, 3, ...,n}. Each variable is associated
with a neighborhood systei defined asV = {N;|i € V'}. Each variable in the random field receives
a label from the label set = {l,ls,...,1,,}. A clique c is a set of random variableX. which are
conditionally dependent on each other. Any possible assignment of kabde random variables is
called labeling or configuration. Let such assignment be denotedwlyich comes from a cartesian
space of different configuratiods x L x ... x L = L™,

A random fieldX is said to be a Markov Random Field &hwith respect to a neighborhood system
N if it satisfies following two conditions:

P(x) >0; Vo € X"  (Positivity) (1.1)
P(zy{zy :u €V —{v}}) = P(xy|{zy : u € Ny}); Yo €V (Markovian Property  (1.2)

Here we referP(X = xz) by P(x) and P(X; = ;) by P(x;). A commonly used pairwise MRF is
shown Figure 1.2.

Evaluating the joint probability is very hard. But the conditional distributit{a:| D) over the label-
ing of MRF globally conditioned on data is equivalent to Gibbs distribution 223 and can be written
as:

P(|D) = Leap(~ Y () (13)

ceC
whereZ is a normalizing constant called the partition function @&ha set of all the cliquesy(z.) is
potential function forr. = {z;, € ¢}. The corresponding Gibbs energy is given by:
E(z) = ~logP(x|D) —log(Z) = ) _ telze) (1.4)
ceC

In other words, the energy function is the sum of the clique potentials obafliple cliques’. But
an important special case of energy function is when only cliques of pizetwo are considered. In
this case, the energy function can be written as:

E(z) = Z Dp(zp) + Z Vip.a) (Tp, Tq) (1.5)



Image Data Nodes(D)

() Hidden Scene Nodes(X )

— Pairwise Potentials (1, (x,x,))

Unary Potentials( D (x,))

Figure 1.2 The pairwise MRF commonly used to model labelling problems in computer visioa. Th
random field contains the hidden nodes, the observed data nodes atwhtiectivity is limited to
immediate neighborhood.

where D, (x,) , the data term (unary potential), measures the cost of assigning a labgixel gor
variable)p andV{,, ;) (zp, z,), the smoothness term (pairwise potential), measures the cost of assigning
pair of labels to the adjacent pixels (or variablegindg.

The most probable or maximum a posterior (MAP) labelirigpf the random field is defined as

x* = arg max P(z|D) (1.6)
xre

which is equivalent to finding the global minimum of the energy function E.[40]

The label sets can be continuous or discrete. In computer vision and inighétdtion, our focus
is on the discrete label sets. Label set can be binary valued (as infdassge segmentation problem)
or multivalued (as in case of stereo correspondence problem). Wendisichasic algorithm only
for binary valued functions. Multivalued functions (or multilabeling problem® projected as many
binary valued functions which are solved iteratively. Generally, binapgliag problems are solved
using graph cuts [1, 47, 8] and multilabeling problems are solved uskxpansion [49] built on graph
cuts.

1.3 Motivation

Energy minimization methods target to solve two associated issues - accadaeffiaiency. Graph
cuts based methods have become very successful in providing acasaits. Graph cuts was first in-
troduced in computer vision way back in 1980’s [9] but it became famdes thie work of Kolmogorov
et al. [44] who characterized the class of energy functions which candeaely minimized via graph
cuts. Since then, several efforts have been made to improve the compaltatfanency together with
the accuracy of the results using graph cuts.

In many real world applications, fast computation at realtime or near realtimésreequired. Ex-
amples include robot navigation, surveillance, video processing etcobiot navigation, the robot



moves forward avoiding obstacles, which requires them to adaptivestremband understand the world
around. Similarly, surveillance requires malicious activities to be recogtiimedthe input images of
the scene coming at realtime rate. Video processing is another area \whbimea processing is re-
quired. With more and more videos being uploaded and watched on youtdlmtteer web-servers, the
users need the processed video at the client side at realtime rate. Anlexzeimy extraction of an
object of interest from the consecutive frames of a video or to get theiskd images at the client side.

The interactive tools have now become a part of each desktop computex asers interact with
the images to highlight or change some aspects of the images. With the evasingradvancement in
the camera culture, even our offshelf cameras are capturing large im@ag@ming millions of pixels.
These large images are likely to contain multiple, distributed regions that constimufereground
layers. Processing on them is challenging as the computation complexitysesi@@portionately with
the increase in the number of pixels.

It is evident and has now become indispensable to process at a fdetér echieve realtime per-
formance on these applications. Computer vision researchers havthevwgrars developed different
methods to improve the computational efficiency but they still lack the speed usdzkin these ap-
plications where realtime or near realtime performance is required. In thisr@isen, we present
different methods to improve the computational efficiency of the graph cutisoahéo solve different
MRF optimization problems.

Solving computationally expensive problems on parallel architectures ig sovilmprove the speed.
However, not all algorithms are scalable easily to parallel hardware mdadedscontempaorary graphics
processing units (GPUs) have emerged as popular high performanfm@mpiabecause of their huge
processing power at reasonable costs. The Compute Unified Devibéestare (CUDA) [31] from
Nvidia provides a general-purpose parallel programming interface to tdemm&PUs. The emerging
standard of OpenCL [26] also promises to provide portable interface®tGfUs and other parallel
processing hardware. The grid structure of the MRFs arising in visioblgms makes the GPU an
ideal platform for energy minimization problems. However, synchronizadiwh memory bandwidth
are bottlenecks for implementing them on the GPUs. In the first part of thierthisn, we explore
MRF optimization on the GPU. In particular, we propose a method to efficientlyhesGPU and their
architecture for high performance.

Advancement in camera culture and ever increasing demand from entertdimdustries have lead
to the acquisition of images involving millions of pixels. Projecting these problerntsamultireso-
lution framework can solve them faster. In a mulitresolution framework, tbblpm is projected to
and solved in a computationally inexpensive low resolution representatiomreBults are then trans-
ferred to higher resolution representation, providing a faster ovexaifisn. In the second part of this
dissertation, we present a novel method to perform graph cuts using agswliltition MRF framework.



1.4 Contributions of the Thesis

The first part of this dissertation deals with improving the computational effigief graph cuts and
graph cuts based methods on a parallel GPU hardware with applications\puty vision. The grid
structure of the MRFs arising in vision problems makes the GPU an ideal pteftboienergy minimiza-
tion problems. But synchronization and memory bandwidth are bottlenecksfitementing them on
the GPUs. These are some of the issues we have addressed as welesérd prfast implementation
of the push-relabel algorithm for mincut/maxflow algorithm for graph-cetsgiCUDA, optimally uti-
lizing the GPU architecture. We also propose stochastic cuts which adgptisaage the work load to
improve the performance of push-relabel algorithm by factors forréiffeproblems on the GPU. We
show the performance of our method on some real datasets. We also solwoltem of two label
segmentation in consecutive frames of videos using dynamic graph cutsdii@®jo This method is
used to process problem instances similar in structure and the solution pfabsiem instance is used
to initialize the next problem instance in a better way for faster convergebomputations to evalu-
ate the edge weights and to construct the graph can also exploit the GPWelkrproviding a factor
of speedup. We also present incrememtadxpansion, extending our basic and dynamic graph cuts
implementation on the GPU to solve different multilabeling MRF optimization problems.

The second part of the dissertation deals with the processing of higlutiesdmages involving
large number of pixels and large number of labels using multiresolution MRFpré&ent Pyramid
Cuts, a multiresolution approach to speed up graph cuts for energy minimiZat@moombine classical
multiresolution or pyramid processing with graph cuts optimization. Our Pyranpadi@eneterization
exploits the optimal results at a resolution level of an image to initialize its grapreatekt higher
resolution level. Pyramid reparametrization involves an upsampling step t@ssctle resolution of
graphs and a weight maodification step to form a graph with the same mincut ggteconstructed at
the higher resolution level. The mincut generated by pyramid cuts using multygls is identical to
the mincut generated using graph cuts on the highest resolution image.oWeltshresults on image
segmentation, stereo correspondence and image denoising problem$ienragplution images with
large number of labels.

1.5 Outline of the Thesis

e Chapter 2: This chapter reviews and studies a unified framework ofena@nimization meth-
ods. We explain how a labeling problem in computer vision is solved usingetiisoptimization
methods in a Markov Random Field (MRF) framework. We give gene@enies of MRF and
discuss different maxflow/mincut algorithms. We also discuss graph csésll@pproximate al-
gorithms and some recent development towards improving the computatiticiainefy of these
algorithms.



e Chapter 3: In this chapter, we present a fast implementation of the pladfelralgorithm for
mincut/maxflow algorithm for graph-cuts using CUDA. We also propose agighcuts which
adaptively improves the performance of push-relabel algorithm byra&bo different problems
on the GPU. We extend this work to explore other MRF optimizations on the GReir&gent the
incrementaky-expansion algorithm for multilabel MRFs. We also propose a method to map dy-
namic energy minimization algorithms [35] to the GPU architecture which providesgnitude
of speedup compared to the CPU version.

e Chapter 4: In this chapter, we model the problem of energy minimization on th&esalution
MRF, where an optimization problem is solved at a coarser level and th&osola used to
dynamically update the MRF instance at the next finer level. We prove thatitieit generated
by pyramid cuts using multiple levels is identical to the mincut generated usingy gtap on
the highest resolution image. We use this to solve many labeling problems in comiside
like image segmentation, stereo correspondence and denoising problemag®es involving
millions of pixels and large number of labels. We also use this method to focusowitipg
good interactive user experience to separate a distributed foregieyerdn large images using a
global optimization method, which provides a quick and approximate segmerfesidinack like
painting based methods.

e Chapter 5: In the last chapter of the dissertation, we conclude by giverzpttitribution of the the-
sis and promising future of the graph cuts based methods in the realm oftgy @minimization
methods.



Chapter 2

Background and Related Work

2.1 Energy Minimization using Graph Cuts

Many problems in computer vision can be modeled as labeling problems. Examglede im-
age segmentation, stereo correspondence, denoising, scengamdiagsproblems etc. The labeling
problems involve assigning the most probable label from a set to eachopiet patch in the image.
These problems are naturally formulated as energy minimization problems.efieeadjform of these
discontinuity preserving functions is:

E(z) = ZD;H(QUP) + Z V(p,q) (zp, 7q) (2.1)
p (p,9)

whereD,(z,) is the dataterm anll;, ;) (z,, 7,) is the smoothness term. Over the years many methods
have been proposed to improve the computational efficiency as well astiivaey of the solutions. But
graph cuts based methods are used extensively to find the MAP estimatiiffier@rd discrete labeling
problems in computer vision. These problems are formulated as st-minclémothich are solved

in dual space by solving corresponding max-flow problems.

2.1.1 The st-mincut/maxflow problem

Given a graplG(V, E), the st-mincut algorithms target separating it into two disjoint sets of vertices.
Due to the mincut-maxflow equivalence [41], the st-mincut is solved in polyridima by maxflow
algorithms [27, 20, 5]. First, we look at the the terminology related to the maxdlgarithms used in
this thesis.

Flow Network is a directed grapld:(V, E') with two special vertices: sourceand sink¢. Each
edge(u, v) is associated with a capacity valu@:,v) > 0 and a flow valuef(u,v). There are three
constraints associated with the flow network:

V{u,v} €V, f(u,v) < c(u,v) (Capacity Constraint (2.2)

V{u,v} €V, f(u,v) = —f(v,u) (Skew Symmetry (2.3)



Vue (V—{st}), > f(uv)=0 (FlowConservation (2.4)
(u,0)eV
Maximum flow problems aim at finding the maximum flow that can be pushed §rtomt in the flow
network (or graph) without violating these constraints.

Residual graphG s of the graphz has the same topology, but consists of the edges which can admit
more flow. The residual capacity(u,v) = c(u,v) — f(u,v) is the amount of additional flow which
can be sent from to v after pushingf (u, v).

Two algorithms are popular to compute the mincut/maxflow on graphs. Therfgstiae to Ford and
Fulkerson [27] and modified by Edmond and Karp [20], repeatedly coraugmenting paths from
s tot in the residual graph through which flow is pushed until no augmenting pattve found. The
second algorithm, by Goldberg and Tarjan [5] , works by pushing flemfs to ¢ without violating the
edge capacity constraints. Rather than examining the entire residual kétviod an augmenting path,
the push-relabel algorithm works locally, looking at each vertex’s nmighin the residual network.
Thus, it is more suitable for parallel implementation. We describe the pugbetelgorithm briefly.

2.1.1.1 Goldberg’s Generic Push-Relabel Algorithm

The push-relabel algorithm constructs and maintains a residual graphtiaes. The algorithm
maintains two quantities: the excess fleqw.) and the height.(u) for all verticesV’ = V U {s,t}
with h(s) = |V| andh(t) = 0. Unlike ford-fulkerson’s method, push-relabel methods do not maintain
flow conservation property throughout their execution. But they hewmaintain preflow condition.
The excess flow(u) > 0 is the difference between the total incoming and outgoing flows at awode
through its edges. The heightu) is a conservative estimate of the distance of ventéom the target
t. Initially all the vertices have a height of 0 except for the soureghich has a heighfi/|, the number
of nodes in the graph.

There are two basic operations in a push-relabel algoritRaosh operation (algorithm 1) pushes
excess flow from a vertex to one of its neighbors agldbel operation (algorithm 2) relabels a vertex
to its actual distance to the sink. The algorithm is sped up in practice by peilydielabelling the
vertices using a global relabelling procedure or a gap relabelling puoe¢6l.

. Applieswhen: u is overflowing,c(u,v) > 0, andh[u] = h[v] + 1.
. Pushd¢(u,v) = min(e[u], c¢(u, v)) units of flow fromw to v.

o dy(u,v) « min(efu], cf(u, v))

: flu,v] — flu,v] + df(u,v).

: f[v,u] — —f[u,v].

s elu] — elu] —df(u,v).

o e[v] — elu] + dy(u,v).

~N OO OBk WN P

Algorithm 1: PUSH(, v) pushes excess flow from a vertex to one of its neighbours.



1: Applieswhen: v is overflowing, and for alb € V' such thaf(u, v) € E, we haveh[u] < h[v].
2: Action: Increase the height af.
3: hlu] «— 1+ min(h[v]; (u,v) € Ey)

Algorithm 2: Relabel{:) relabels a vertex to its actual distance to the sink.

Graph cuts separate the vertices of the graph into two disjointSsatsl T, which is equivalent to
performing bilabel segmentation of separating the foreground layer tinentbackground layer in an
image. But, to solve the multilabeling problems, graph cuts basexpansion [49] was proposed.

2.1.2 «-expansion

The a-expansion [49] is a popular iterative energy minimization algorithm (Algori8)nwhich
solves multilabeling problems using multiple intermediate graph cuts steps. Let2steps form a
cycle and the steps 3 to 6 form an iteration within a cycle.

The algorithm starts from an initial random labeling with each pixel in the imagengea random
label from the label set. In each iteration, a graph is constructed basid @urrent labeling and the
label«.. Vertices with labeb do not take part in the graph construction but all others attempt to relabel
themselves withn. After each iteration ofv-expansion [49], the variable in the MRF retains either
its current label or takes a new lahel At each such step, there are exponential number of labeling
possible, but graph cuts ensure the best possible configurationedtugogly each step of graph cuts
results in a decrease in the energy values. The algorithm terminates wheisthe further decrease in
the energy values.

1: Initialize the MRF with an arbitrary labeling.
2: for each labek € L do
3:  Construct the graph on the current labeling and the label
4. Perform graph cuts to separate vertices of the graph into two disjoint sets.
5:  Assign new label to each pixel in the image and find the current configoratio
6:  Calculate the energy valug(x’) of the current configuration’.
7: end for
8: if E(z') < E(z) thenthen
9: gotostep?2
10: end if
11: returnz.

Algorithm 3: a-expansion{/pha) method to solve multilabeling problems.

a-expansion was proposed by Boyket/al. [49]. They theoretically prove that the minimum en-
ergy achieved byv-expansion will be at max twice the global minimum in the worst case. However,
practically the final minimum energy values achieved are almost close to thal ghiimum which
they empirically observe on image segmentation, stereo corresponderiiza aral image restoration
problems [49].
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Figure 2.1 The figure shows how individual unary and binary potentials are septed and combined
to form an edgecapacitated graph. Whenever there are multiple edge=ehedvpair of nodes, the
edgeweights are merged together.

One of the key intermediate steps involved in the graph cuts based methodgispheconstruc-
tion. Algorithms for finding the st-mincut requires the edgeweights in the graie non-negative.
This restricts the class of the energy functions that can be solved usipy guts based algorithms.
Kolmogorovet al. [44] characterize the class of energy functions which can be minimizegrajh
cuts and show a method to construct graph from an energy function witiadating any constraints
discussed in the section 2.1.1. We now explain the graph constructiondagies involving binary
random variables. The notations used are same as that used by Kolmpijro write a second order
potential function which is:

E(z]0) = bconst+ Y, Ouidi(,) + D Ouwndj(wa) k() (2.5)
veVyieL (uw)€E,(i,j)eL?
wheref,.; is the penalty for assigning labéto the latent variable,,, 0.,..;; is the penalty for assigning
labelsi andj to the latent variables, andz, respectively. Further, the function of binary valued
functions can be written as:

E(JJ’H) = QCOHSH‘ Z (91);1371) + gvofu) + Z (est;llxuwv + est;()ljuxv + +05t;10xufv + est;OOi'u-fv)
veV (u,v)EE
2.6)

The individual unary and pairwise terms of the energy functions amesepted by weighted edges
on the graph. Multiple edges between the same nodes are merged into deeedi®) The constant
term 6.5+ does not depend on the configuratiomnd thus is not considered for graph construction.
Our graph construction is explained in Figure 2.1.

Graph cuts based methods have been very successful in providingagceesults at a moderate
time. Unfortunately, however these methods were not fast enough teebdarsrealtime applications
which led to the development of new sophisticated methods which providedasftepeedup without
sacrificing the accuracy. And, dynamic graph cuts [35] is one of the reiost in this direction.
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2.1.3 Dynamic GrahCuts

There are many instances in computer vision where two problem instamcesrgrsimilar in struc-
ture and topology. One being segmentation of consecutive frames of @ Videsuch cases, current
problem instance can be initialized in a better way using the solution of prepiolem instance to
get a better starting point. Kohli and Torr [35] describe a reparametierizaf the graph that maintains
the flow properties even after updating the weights of a few edges. Sh#ing graph is close to the
final residual graph and its mincut can be computed in a small number of itesalibere are two basic
operations involved in their approach: updation and reparameterization.

2.1.3.1 Reparameterization

We now explain the concept of reparameterization which is the central idh& idynamic graph
cuts. The general form of binary valued energy functions as disduisssection 2.1.2 in terms of
energy parametet after expansion is:

E(:E’Q) = 9C0n8t+ Z (ev;lxv + Gvofu) + Z (est;llxuxv + Hst;Oljul'v + +€st;10xujv + est;OOi‘uva)
veV (u,v)EE
2.7)

Two functionsE; (x|61) and E»(x|f2) are called reparameterization of each othefif = E5 for
all z. There are a number of transformations which can be applied to an guangyneter vectad to
obtain its reparameterizatigh For instance the transformations given as:

Vi, Hv;i = Qv;i +a, Oconst = Oconst — . (28)

Vi, j ést;ij = Os55 + v, éconst = Oconst — . (2.9)
are valid energy parameter reparameterizations.

Since reparameterization of the energy functions define the same enediofs, the minimum
energy labeling will be same for both the cases. This in turn means the goagtructed over the
energy functiong?; (x|6,) and Ex(z|02) will have the same st-mincut. This implies any reparameteri-
zation on an energy function results in a corresponding reparametemizdtioe graphs. Under these
circumstances, the resulting graphs will be the reparameterization of drigiagzh and will have the
same st-mincut. The graph transformation corresponding to the enediofutransformation given by
equations 2.8 and 2.9 are shown in Figure 2.2. Kohli and Torr use theptsaf this reparameterization
to recycle the flows from the previous min-cut solution to initialize the currestilpm instance [36].

2.1.3.2 Recycling of Flows and Updation of Graphs

ConsiderG;, G411 as the edge-capacitated graphs &ffid G’ | as the final residual graphs of two
consecutive problem instances, which have the same topology and striiapply graph cuts ai;

11



Source Source
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) st—cut st—cut

Sink Sink
Sink

Figure 2.2 Graph Reparameterization. The figure shows a gi@middle graph), its two reparam-
eterizationsG; (left graph) andGs (right graph) along with their respective st-mincuts as shown in
[35].

to getG}. The dynamic graph cuts update and reuse the flows from previous sdiugi@han approx-
imate solution closer t6:7, | usingG;, G;11 andG;. There are two types of updatiotredgeweights
updation andr-edgeweights updation, without violating the capacity constraint. But, flogatign

may result in negative edgeweights in the grédgh,, which is overcome by reparameterization step
discussed in previous subsection 2.1.3.1. The max-flow is then computed oepidrameterized graph.
The algorithm converges much faster due to the starting point being claberfioal residual graph. In

the following sections, we usé’!, ¢'I! to represent new edge-capacities from the vertex to the source
s and the sink. Similarly,7+! andfhLl represent the updated residual capacities and flows of the edge

(s,u).

Modifying t-edgeweights:The updated residual capacities can be computegfas= ri, + it —
., which in simpler form is-if! = cit! — fi = The updation may result in negative edge-weight if
il < fi . Aconstant equal tgiit — citlis added to both the t-edges to overcome this issue which
will not change the cut-edges but may change the cut values.

Modifying n-edgeweights:Similarly, the newly updated-edge residual capacity @, is: ritl —
i, 4+ (citl — ¢ ). The previous updation results into negative edgecapacities when thedgenca-
pacity cit1 is less than the flowf?, , which violates the edge capacity constraint. The inconsistency
arising from excess flow through edge () is resolved by a single valid transformation of the residual
graph as shown in Figure 2.2. The transformation involves adding a cogia- ¢t 1) to the capacity
of edges §, u), (u, v) and {, t) and subtracting it from the residual capacity of edge.j. The residual
capacityr!  of edge ¢, u) is greater than the floyii, passing through edge.(v). As added constant
is always less tharf?,, the above transformation does not make the residual capacity of edge (
negative. The complete framework of updation and reparameterizatiomisish Figure 2.3. This
work was extended by Alahatt al. [25] to solve the multilabeling problems. They provide methods to

dynamically update the flow across iterations and cycles-expansion.
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Capacity changes
from7to 3

Residual Graph Updated Graph Reparameterized Graph

. flow . ¢ capacity

Figure 2.3 Figure illustrates an example of updation and reparameterization for rigsooh consis-
tency as shown in [35]. It starts by showing a final residual graplsisting of two nodes x and v,
obtained after a max-flow computation. For the second max-flow computat®mrageacity of edge

(s, ) is reduced to three units resulting in the updated residual graph in whickditial capacity of
edge(s,x) is equal to—1. To make the residual capacities positive, the graph is reparameterized by
adding 1 to the capacity of edgés x), (z,t). This gives the reparameterized residual graph in which
the edge flows are consistent with the edge capacities.

2.1.4 Dynamica-expansion

This method is inspired by the dynamic computation discussed in previousciohs2.1.3. The
method uses the solutions and flows from a cycle to next to update andmegiarize the graphs corre-
sponding to each label. When solving an expansion move in a cycle, the method reuses the flow from
the corresponding move in the previous cycle to make the new computation fadtee first cycle, it
builds k graphsG1}, G3, ..., G}, for each label. Mincut/maxflow is applied on each graph corresponding
to the label to get the optimal minimum. Maxflow problems corresponding to all tiedslaoe solved
just as in standard-expansion method. For later cycles 1 of the algorithm, instead of creating a new
grathﬁ for a labeli, it dynamically update the corresponding gra@ibfrom the previous iteration.
This step involves updating the flows and the residual edge capacitiesthdse update operations, the
maxflow algorithm is performed on the residual graph. As the number ofggsin the graphs decrease
in the latter iterations, the number of update and maxflow computations dectéaisee, the optimal
moves in these iterations are computed efficiently.
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2.2 Other Related Works

Over the years, many new and sophisticated methods have been propeséa the energy mini-
mization methods. But graph cuts based methods have been most sudoesdfieving the accurate
results efficiently. It was used long back by Greigal. [9] to separate the foreground objects from
the background objects. It was however popularized by Boykad. who used it to solve many MRF
optimization problems. The initial success attracted the attentions of many ogbaraekers who tried
to improve the efficiency and accuracy of the results.

Boykov et al. [48] start two search trees from bothand¢. The algorithm reuses these search
trees from iteration to iteration, alleviating the redundancy of starting thelséaes again each time.
Practically they achieve a factor of speed up compared to the conventiapdl guts especially on
grid graphs ubiquitous in computer vision. Schimadtal. [14] presented an @{og(n)) method for
planar graphs. The concept is motivated by the graph theoretic wotk [i%e main step involves
a preprocessing step that consists of finding single-source shoatbstliptances. The algorithm then
repeatedly saturates the leftmost residuta-t path in the graph till the convergence. Schimdil. [14]
used this method to match two different planar shape8(im*log(n)) and segment a given image of
n pixels inO(nlog(n)). Kohli and Torr [35] proposed methods to reuse the flows from previdRF
instance to initialize the current MRF instance for faster convergenae.ahd Boykov [34] on the other
hand presented active graph cuts which reuse the previous cuts gythisipreflows and pseudoflows
which they borrowed from the graph theoretic work [11] for better initiaimaand faster convergence.
They showed the performance of their algorithms on segmenting consefratives of video.

Recently few effort have been made to solve the optimization algorithms onithléeparchitecture.
Dixit et al. [32] implemented the Push-Relabel method on the GPU using the shadesinisiemen-
tation was however slower than the CPU implementation. But, ever since CUD#, ceew approaches
have been followed to optimize the push-relabel method on the GPU archibtatable is the imple-
mentation of Hussaiat al. [29]. They first present the implementation of breadth first searcls)BF
graph traversal on CUDA, which is extensively used in their push-etlaligorithm. They introduce
two optimizations that utilize the special structure of grid graphs. The fiesiolockstep BFS, which
is used to reduce the overhead of BFS traversals. The second isezaatation, which is a technique
used by them to regularize memory access patterns. Later on many heseatevised new algorithms
to harness the processing powers of the GPU and other multicore aratateddelong and Boykov?]
gave a scalable graph-cut algorithm for N-D grids which attains non#ls@eedup with respect to the
number of processors on commodity multi-core platforms. Liahg!l. [7] designed a new parallel
hardware to solve belief propagation [45] algorithm efficiently.

The success of graph cuts algorithms saw the emergence of new app$idagiag built over them.
Graph cuts have been used to interactively separate the foregroititealbackground objects. Interac-
tive image segmentation is a very subjective problem catering to the usespeptive. All the interac-
tive techniques can be categorized in global and local methods. In therfausers specify a few seed-
pixels for the foreground and background objects, from which ganssixture models (GMM) models
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are built. A graph with pixels as nodes and with source and sink nodesregrbund/background
is constructed over the image. An energy function defined on the graph isiized globally using
graph-cuts to extract the foreground layer [47]. Easy extractioreds is performed by the GrabCut
system [8]. The graph could be defined over oversegmented regipnsrhputational efficiency [28]
or geodesic distances used for the segmentation [46].

Local interaction based methods require the user to trace out the bowfdae/foreground or to
move the brush along the interior. Intelligent Scissors exploit the localagreed12] while Soft Scissor
performs local energy minimization [23]. Painting over the region with locahadpation is performed
by Edge Preserving Brushes [10], Bilateral Grid [19], and PaintcHele [21]. Adobe PhotoShops
Quick Selection is a painting tool within everyones reach [2]. These metheelshgtant feedback on
the segmentation process, guiding the user interaction. Paint Selectiodgsr@asy interaction even
on large images by building and optimizing the energy function in the neighbodrbf the brush. The
interaction required by local methods is proportional to the area of fouegklayer or the length of its
boundary.

In computer vision, many problems are mapped as multilabeling problems. Amdievgears
many new sophisticated approximate algorithms have been proposed to sstve$lome of the key
algorithms which are used to minimize energy functions defined over MRF acluekpansion and
af-swap [49], max-product loopy belief propagation [45] and treeecighted message passing [43].
Alahari et al. [25] and Komodakigt al. [33] extended these ideas to multilabeling problems that use
«a-expansion.

Multiresolution or pyramid processing of images has been used for maligatmms [16, 4, 21, 24,
42] for fast processing. Restricting the processing in a higher resolutiage to a small band around
the solution in a lower resolution produced considerable speedupsmmaurts as in the Banded Graph
Cuts(BGC) method [16]. The size of the band is selected heuristically amddtiend is not guaranteed
to give the global minimum of the energy function. This method drastically isesethe computational
speed of graph cuts, but is limited to the segmentation of large, roundishobfcop and Grady [4]
propose a modification of BGC that uses the information from a Laplaciasnpgrto include thin
structures into the band. Therefore, they retain the computational efiycedBGC while providing
quality segmentations on thin structures. They make quantitative and qualitativearisons with
BGC on images containing thin objects. Juan and Boykov [34] also useproxamate solution from
a coarser level to initialize the graphs for faster convergence usingagtph cuts, without sacrificing
global optimality.

Ever since the energy minimization methods were introduced in computer visiolvéodfferent la-
beling problems, many sophisticated algorithms have been proposed to ssggtoblems efficiently.
Graph cuts based methods have proved to be the most successful medlubdise area is still very
active, especially graph cuts have a promising future in the realm of tligyeménimization methods.
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Chapter 3

Fast Graph Cuts on the GPU

Many realworld problems require computation to be done at realtime ratenfes include robot
navigation, surveillance, video processing etc. Ever since energy mitiomzaethods were used as
tools to solve labeling problems in computer vision, researchers have tried tovienjne computation
efficiency of the methods (algorithmically as well as on specialized hardw@raph cuts based meth-
ods have proved to be iconic in providing accurate results at moderate timtbis chapter, we exploit
the computation power of a parallel accelerator like the GPU to improve the sfpgeaph cuts based
methods to solve different MRF optimization problems.

We present a fast implementation of the push-relabel algorithm for mincutemaathorithm for
graph-cuts using CUDA. We use the global memory and the shared memorg @GPt effectively.
We use the atomic functions operating on the global memory whenever availlglealso propose
stochastic cuts which adaptively improves the performance of pushetedddorithm by factors for
different problems on the GPU. We also propose a method to map dynamiyy enisimization algo-
rithms [35] to the GPU architecture. We additionally explore multilabel MRF optimiagtioblems on
the GPU. We present the incrementakxpansion algorithm for them. We recycle and reuse the flows
from the previous MRF instances. Reuse of the flows from one cycle toekteas well as from one
iteration to the next in the first cycle, and shifting the graph constructionetpatallel GPU hardware
are the innovative ideas that produce high performance.

We tested our algorithm on image segmentation, stereo correspondencerésiagation, and pho-
tomontage problems. All the datasets (shown in Figure 3.1) are taken frofdititbebury MRF
page [39, 30]. The energy functions used are the same as used by ®enapproach takes 950
milliseconds on the GPU for stereo correspondence on Tsukuba imaige 884 x 288 with 16 labels
compared to 5.4 seconds on the CPU.

3.1 MRF Optimization on the GPU

Many vision problems are naturally formulated as energy minimization probleimsseTldisconti-
nuity preserving functions have two terms, data term and smoothness teergenkral form of the
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1. Flower 2. Sponge 3. Person 4. Tsukuba 5. Venus 6. Teddy 7. Penguin 8. House 9. Panorama
2 labels 2 labels 2 labels 16 labels 20 labels 60 labels 256 labels 256 labels 5 labels
600x450 640x480 600x450 384x288 434x383 450x375 122x179 256x256 1071x480

Figure 3.1Some of the images used in our experiments. Images 1-3 for color basedsegggentation
with 2 labels each. Images 4-6 for stereo correspondence problemgedriie8 for image denoising
problems with 256 gray labels values each. Finally image 9 for photomontag cas

function is:
E(z) = Z Dp(zp) + Z Vip.a) (Tp, Tq) (3.1)

where Dy(x,) , the data term, measures the cost of assigning a label to azpa@d V{,, o) (7;, 74),

the smoothness term, measures the cost of assigning pair of labels to trenagjaelsp andq. The
MRF is modeled as a graph with a grid structure with fixed connectivity. Otimaed push-relabel
implementation does the bilabel segmentation for foreground/backgropachsien in the image. But,

for multilabel problems we use the-expansion algorithm to minimize the energy, which is posed as a
series of two-label graph cuts. We also reuse the flows to initialize thentiieF instance from the
previous iterations and cycles. Two basic steps of updation and reparaaton are also parallelized
on the GPUs. Given an energy function, graph construction is the tistvghich is followed by the
graph cuts applied to separate the graph into two disjoint sets of vertices.

3.1.1 Graph Construction on CUDA Architecture

Our graph-construction exploits the grid-structure that arises for Mitffimed over images. We
adapt the graph construction of Kolmogoreval. [44] as explained in the section 2.1.2, which main-
tains the the grid structure, suitable for the GPU/CUDA architecture. Thahgnats algorithms require
edge weights of the edges in the graph to be non-negative. They gasventiiéion of regularity which
characterizes the class of energy functions which can be minimized via guap. We construct the
grid-graph such that each pixel represents a non-terminal vertex grdpé. We assume fixed connec-
tivity which could be 4 or 8 neighbours for each vertex. Consequently,8two-dimensional arrays
store the weights along theedges. Two other arrays hold the excess flow and the edge capaci¢y to th
target vertex for each vertex. An array to hold the heights and a maask tarhold the status of each
node complete the representation. This representation can easily beeekter8D grids for 3D graph
cuts and other fixed connectivity patterns. Different strategies will tealde adopted for general graphs
represented using adjacency list or adjacency matrix. Table 3.1 contbeugrsph construction timings
on the GPU and the CPU for image segmentation problems. Porting this step tolthpr@kdes a
factor of speed up.
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Image Size GPU Time(in msec) CPU Time(in msec
Sponge| 640X480 0.151 61
Person| 600X450 0.15 60
Flower | 600X450 0.15 60

Table 3.1 The table compares the graph construction timings on the GPU and the CPU.

3.1.2 Push-Relabel Algorithm on CUDA

The CUDA environment exposes the SIMD architecture of the GPUs bgliagahe operation of
programkernels on datagrids, divided into multipleblocks consisting of severahreads. The highest
performance is achieved when the threads avoid divergence armmetfe same operation on their
data elements. The GPU has high computation power but relatively low memudyistih. The GPU
architecture cannot lock memory; synchronization is limited to the threads tifck.bThis places
restrictions on how modifications by one thread can be seen by othershridadever, later versions
of CUDA provide the facility of atomic functions. An atomic function performsead-modify-write
atomic operation on one 32-bit or 64-bit word residing in global or shamechory. For example,
atomicAdd() reads a 32-bit word at some address in global or shared medds an integer to it, and
writes the result back to the same address. The operation is atomic in thetlsginisés guaranteed
to be performed without interference from other threads. In other syard other thread can access
this address until the operation is complete. Atomic functions can only be us#elice functions
and are only available for devices of compute capability 1.1 and above. Afomitions operating
on shared memory and atomic functions operating on 64-bit words are wailalale for devices of
compute capability 1.2 and above.

The basic implementation of the push-relabel algorithm on a hardware wigthomtic capability
requires three phases. Push is a local operation with each node sd@odirtg its neighbours and
reducing own excess flow. A node can receive flow from its neightbalso. Thus, the net excess
flow cannot be updated in one step due to the read-after-write data temayisssues. To maintain
the preflow conditions without the read-after-write data consistency,ivigecthe operation into two
kernels: Push Kernel and Pull kernel. However, atomic functions egonm read-modify-write atomic
operations on 32-bit or 64-bit word residing in global or shared menm®oy.we combine push phase
and pull phase without any inconsistency. Section 3.1.2.1 describes thaeriemglgion on hardware
with atomic capabilities. Th&ush phase pushes excess flow at each node to its neighbours and the
excess flows of the neighbours and the flows in the corresponding adgepdated. THeocal Relabel
phase applies a local relabelling operation to adjust the heights as stipwatkd blgorithm. The
heights of the nodes can also be adjusted by applying breadth firshstarting from the sink. The
breadth first search step is very slow and slows the computation overall.
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Our implementation exploits the structure of the grid-graph that arise for MREisimages, where
each pixel corresponds to a node and the connectivity is fixed to its #berigs. The grid has the
dimensions of the image. We organize them into a two-dimensional grid of geomgtk B,, where
B, and B, are the number of thread blocks inandy directions. Blocks are further divided into
D, x D, threads. The maximum efficiency is achieved wignand B, are multiple ofD, and D,
respectively. In our case, each thread block is of size82lo achieve maximum efficiency, we pad the
rows and columns to make them multiples of<® Each thread handles a single node or pixel and a
block handlesD, x D, pixels. It needs to access data frorfYa, + 2) x (D, +2) section of the image.
Each node has the following data: its excess ftdw), heighti(u), an active statuglag(u) and the
residual edge capacities to its neighbours. These are stored asragiprsjzed arrays in the global (or
device) memory of the GPU, which is accessible to all threads. This is shokigtre 3.2.

Image CUDA Grid CUDA Block

Figure 3.2Image is divided intd3, x B, block. And each block is further divided info, x D, threads
where each thread corresponds to a pixel in the image.

A node can be active, passive, or inactive. Active nodes have tkeése flowe(u) > 0 and
h(u) = h(v) + 1 for at least one neighbour. Passive nodes do not satisfy the height condition, but
may do so after relabeling. If a node has no excess flow or has no weigimdthe residual grapty,
it becomes inactive. The kernel first copies tH{e) values of all nodes in a thread-block to the shared
memory of the GPU’s multiprocessor. Since these values are needed lgjglibaur threads, storing
them in the shared memory speeds up the operation overall.

3.1.2.1 Graph cuts on hardware with atomic capabilities

PushPull Kernel The push operation can be applied at a vefték e(v) > 0 and its height:(u)
is equal toh(v) + 1 for at least one neighbar € G”, the residual graph. Algorithm 4 explains the
implementation of the push operation on the GPU. Atomic writes to the global memsuyeesyn-
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Input: A residual graphGG" (V. E).

: Load heighth(u) from the global memory to the shared memory of the block.

: Synchronize the threads of the block to ensure the completion of load.

if u is in the current grapthen
Push excess flow to eligible neighbours atomically without violating constraints.
Update edge-weights @i, v) and(v, u) atomically in the residual grapfA”.
Update excess flowsw) ande(v) atomically in the residual grap”.

end if

Algorithm 4 : Push Kernel: The excess flawu) of each vertex is updated in this kernel.

Noah~wdhNR

chronization across the blocks of the grid.

Local Relabel Kernel Local relabel operation is applied at a verte¥ it has positive excess flow
but no push is possible to any neighbour due to height mismatch. The héighis increased in the
relabeling step by setting it to one more than the minimum height of its neighbordesmothe residual
graphG”™. Algorithm 5 explains the implementation of local relabel performed on GPUs.

Input: A residual graphG"(V, E).
: Load heighth(u) from the global memory to the shared memory of the block.
: Synchronize the threads of the block to ensure the completion of load.
if u is in the current grapthen
Update the activity bit of each vertex in the residual gréfih
Compute the minimum height of the neighborsudf the residual graply”.
Write the new height to the global memaiyu).
end if

Algorithm 5: RelabelKernel: The height(u) of each vertex: is updated if it requires the height
adjustment and so relabeling step.

NogarwNR

3.1.2.2 Overall Graph Cuts Algorithm

The overall algorithm applies the above steps in sequence, as followsrithAlg 6). The CUDA
grid has the same dimensions as the image,/gay, N. The CUDA block size iB; x Bs threads.

Input: A residual graphGG" (V. E).
1. Compute energies and edge weights from the underlying image.
2: On hardware with atomic capabilities: PerfoRushPullKernel followed by RelabelKernel(); on
the whole grid untill convergence.
3: On hardware with non-atomic capabilities: PerfdPushKernel, PullKernel followed by
RelabelKernel(); on the whole grid until convergence.

Algorithm 6 : Algorithm explaining the complete push-relabel method on the GPU callinghmisiel
and relabel kernel iteratively till termination on the GPU.
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Estimating the energies and weights can also be performed in parallel on thelGiB8 can reduce
the computation time on large image that use complex energy functions.

3.1.3 Stochastic Cut

We notice that most of the pixels get their actual label after a few iteratiordl datasets. Figure
3.4 shows the labels after different numbers of iterations on sponge imdtgr. 1A iterations only
643 pixels are labelled incorrectly for sponge image. Figure 3.3(a) andd=833(b) give an estimate of
error (pixels getting incorrect lebels) and energy, respectivelyeasaimputation of graph cuts progress.
Only a few pixels exchange flow with their neighbours later. Processidgswhich are unlikely to
exchange any flow with their neighbors results in inefficient utilization of é#seurces. We also explore
the number of blocks that are active after each iteration. An active blaslkatileast one pixel which
has exchanged flow in the previous iteration. The activity is determined lozsihe change in edge-
weights and edge-weights in the previous iteration. The kernel marks whether eack islactive.
Based on the active bit, the kernel executes the other parts of the protiras observed that after a
few iterations, only 5-10% of the blocks are active, as shown in Figule)3.8/e delay the processing
of a block based on its activity bit. A better model is to delay the processingluick based on the
likelihood and prior information, but we settle for a fixed delay for inactileeks. We check the activity
of a block after each 10 iterations. A block is processed for next 1Qitesaif it is active otherwise the
block is not processed. Algorithm 7 explains our modified push-relabtlode

Input: A residual graphG" (V, E).
1: Check the active bit of the block.
2: Perform GPU Graph Cuts every iteration on all the above blocks ang &0én iteration on the
inactive blocks.

Algorithm 7: Kernel explains the steps involved in adaptively processing of bloekgd on the
activity of the block.

3.2 Levels of Optimizations on the GPU

As the GPU has lower memory bandwidth, reducing global memory accegicial¢o performance.
We explored the impact on the running time of different compact repragantdhe compact versions
have to be split into constituent terms after reading. The active flag takessva, 1 or 2 and2 bits
are sufficient to store them. We can compégtactive bits in one word. In practice, heights can be
represented using 16 bits or even 8 bits and edge weights using 32 bitsbas.1&Ve also explored
combining the flag bits along with the edge weights and heights.

Table 3.2 and Table 3.3 show the different parameters (incoherencypamcy, shared memory
uses, register counts) which effects the performance on the GPU.3Jdtdbows the effect of compact
representation. These tables show interesting results on GTX 8800 20@&®T as far as global reads
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and global writes are considered. The Table 3.2 shows that there arst 486 incoherent reads and
23% incoherent writes fdlon-Atomic CudaCuts on GTX 8800. However, there is no incoherent reads
and writes on GTX 280. There is always a tradeoff between the sharswmeised per block and
the register count per thread. These two factors decide the occugsnese try to compact more data
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(c) The number of active blocks with the number of (d) The plot compares the performance of different
iterations of the graph cuts for sponge image. methods for Sponge image as graph cuts compu-
tation progresses on GTX280.

Figure 3.3 Figuresa, b, ¢ illustrate the need for stochastic cuts to adaptively manage the work load on
the GPUs. Figurd compares the performance of various methods on the GPU.

in a 32 bit word, the efficiency decreases. When heights are in 8 bitsdgaiveights are in 16 bits,

we get the worst performance. Compacting the data reduces the globalynaccesses at the cost
of higher number of computations due to the shifting of the data. The regmiet per thread is also
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increased, which reduces the occupancy and so the efficiency. g, edge-weights and mask all
use 32 bits word, we get the best performance on GTX 280. Table 3Wsgimings of two different
implementations discussed in the previous section on the standard imagereidifices on GTX 280.

elw

Figure 3.4 First two images are the input sponge image and the segmented output imageth&h
images shows the errors after 10, 20, 40, 80, 90, 100 iterations df gtap for Sponge Image.

Kernel Occ | Incoh(%) | Coh(%) | Incoh(%) | Coh(%) | Shared(Bytes) Reg

Load Load Store Store MemUsed | Used
880QPush 1 23.3 76.7 72.5 27.53 1448 9

8800 Relabel| 0.67 0 100 0 100 1532 16

Table 3.2Non-atomic: heights, edgeweights, masks are stored in a word. Pusluthogétations are
in separate Kernel. (Occ - Occupancy and Reg - Registers used.)

Kernel Occ | Incoh(%) | Coh(%) | Incoh(%) | Coh(%)| Shared | Reg
Load Load Store Store | MemUsed| Used
280.Push 1 0 100 0 100 1532 10

280.Relabel| 1 0 100 0 100 1532 9

Table 3.3Atomic: heights, edgeweights, masks are stored in a word. Push and Podi&are com-
bined.(Occ - Occupancy and Reg - Registers used.)

The regular connectivity of the grid graphs results in efficient memorgsscgatterns from the global
memory as well as from the shared memory. The use of shared memory mewlifkernels speeds up
the operations by over 20%.

Heights can be stored in one-dimensional or two-dimensional shared metaoky Storing heights
in one-dimensional block is efficient. We use a logical OR of the active béach node to check the
termination condition. Logical OR is evaluated by all active nodes writiigta a common global
memory location. Though CUDA model doesn’t guarantee an order oliixe, OR can be computed
quickly.

The push-relabel algorithm can be modified to perfernpush operations before each relabel op-
erations. The experimental results show if relabeling is done every othatiote the speed increases.
However, that does not extend to the higher values:0fThe multiple push operations before each
relabel operation exhausts excess flow quickly. In this way, the algodtinmerges in fewer number
of iterations. When there is bias towards data term, higher valugswill get efficient performance.
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No. Of bit Occupancy| Shared Memory Registers| Time(in ms) | Time(in ms)
(ht/edgeweights/mask) Used Used (m=1) (m = 2)
32/32/32 1/1 1360/1360 13/10 18.06 11.06
32/32/2 1/1 2384/1360 13/10 19.62 11.34
30/32/2 1/1 2384/1360 13/10 20.24 12
30/16/2 0.75/1 2384/1360 20/10 20.89 12.43
8/32/32 1/1 1360/1360 13/10 21.56 13.46
32/16/32 0.75/1 1360/1360 20/11 215 12.6
16/16/32 0.75/1 1360/1360 20/11 21.9 13.1
8/16/32 0.75/1 1360/1360 20/11 24.78 15.6
8/16/2 0.5/1 2384/1360 23/11 25.82 16.7

Table 3.4 The table evaluates different parameters which determine the efficienoyptedmentation
on the sponge image on GTX 280. First column gives the different possibidinations of heights,
edgeweights and masks in one word. The second, third and forth coluwenthg occupancy, shared
memory used and register used per thread respectively, for PusiePodl land Relabel kernel as in
Atomic case.

Image Size Non-Atomic | Atomic
Sponge Image 640 x 480 28 18
Flower Image| 608 x 456 33 32
Person Image 608 x 456 31 31

Table 3.5The timings on standard images on GTX 280.

Otherwise, value ofn should be kept lower. The cuda cuts on flower image converges in 90 itexatio
whenm = 1 and in 65 iterations whem = 2. Table 3.6 shows the effect of varyimg on timings and
number of iteration for convergence of the algorithm on flower image.

When using atomic CUDA Cuts, performigpushes before each relabel performs the best. How-
ever, starting withn = 1 and increasing it t@ after aboutl0 iterations performs the best on non-atomic
CUDA Cuts.

3.3 Dynamic Graph Cuts on the GPU

Repeated application of graph cuts on graphs for which only a few etigege weights is common
in applications like segmenting frames of a video. Kohli and Torr descrilparametrization of the
graph that maintains the flow properties even after updating the weightewfediges [36] as discussed
in section 2.1.3. The resulting graph is close to the final residual grapiisamihcut can be computed
in a small number of iterations.
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m | Number of iteration| Time (ms)
1 90 33
2 65 26
3 60 39
4 56 49

Table 3.6Comparison of running times of CUDA Atomic implementation without stochastic tipasa
on GTX 280 when value af: is changed on flower image.

The final graph of the push-relabel method and the final residuahgoéphe Ford-Fulkerson’s
method are same. So, we adapt the reparametrization scheme to the lefioviraloemains after
the push-relabel algorithm. Updation and reparameterization are two h@esiations involved in the
dynamic graph cuts as discussed in the section 2.1.3. These operatignsnasg weights/capacities
as a modification of the final graph without violating any constraints. Thadrto-frame change in
weights is computed for each edge first and the final graph from th@épgeieration is reparametrized
using the changes. It finds the pixels which change their labels with tespthe previous frame. This
operation is performed in kernels in parallel. The two basic operationgtiopdand reparameteriza-
tions, are performed by these kernel. So, the maxflow algorithm terminaitddygon them, giving a
running time of few milliseconds per frame. The running time depends on tlvemage of weights
that changed.

3.4 Incremental a-expansion on the GPU

Energy minimization algorithms try to reach the global minima of the energy functibimsy will
converge faster if initialized close to optimum point. Initialization can have a flragact on the com-
putation time. Alahari et al. [25] and Komodakis et al. [33] extend the qunaidynamic graph cuts
to solve multilabeling problems. In this section, we present our incremergapansion method moti-
vated by the Alahari's method discussed in section 2.1.4. There are thaieestsps involved:

o First, we adapt the re-parametrization given by Kohli and Torr to the-peisibel algorithm. The
final graph of the push-relabel method and the final residual gratte dford-Fulkersons method
are the same. We can apply similar reparametrization steps to the leftover fldhefpush-
relabel algorithm. The graph is updated using reparameterization frostemé another instead
of being constructed from scratch.

e Second, we adapt the cycle-to-cycle relation used by Komodakis et @lAlahari et al. too-
expansion. For this, we store the graph at the start of each iteratiantdoe fuse. The final excess
flows at the end of each iteration of a cycle is also stored for use with the isenaigon of the
next cycle. The edge weights for an iteration in the next cycle are couhpatie the stored edge
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Figure 3.5 Incrementaln-expansion. Arrows indicate reparameterization based on the diffeseénc
graph constructed. ‘3s the graph for iteration of cycle:.

weights from the previous cycle. Reparametrization is applied to the stocedsi’ow from the
previous iteration, based on their difference. The reparametrizeti ggaysed for the graph cuts
leading to faster convergence. Cycle-to-cycle reuse of flow typicatiyli®in a speed up of 3 to
4 times in practice.

e Third step is the incremental step for the later iterations of first cycle, whasimb stored value
for reparametrization. Nodes with labiedlo not take part in the iteratianof each cycle; all other
nodes do. The graph remains nearly the same from iteratioriteration(i + 1), with a few
nodes with labeli + 1) dropping out and those with labélcoming in. We reparametrize the
final excess flows from iteratioihusing the difference between the graphs at the start of iterations
i and(i + 1) for the first cycle. In our experience, the iteration-to-iteration reudtowf for the
first cycle reduces the running time of the first cycle by 10-20%.

Figure 3.4 and Algorithm 8 explain our approach for the incremen&pansion.

Limitations: Our incrementad-expansion method provides an efficient method to solve multilabel-
ing problems on the GPU. However, it needs to stbrgraphsG7, 1 < j < L, one for each iteration.
It also stored. excess flows at the end of each iteration of a cycle. The first cyclesraetladditional
graph to be stored. The extra book-keeping leads to high memory requieara usage.

3.5 Experimental Results

We test our implementations on several standard images (Figure 3.1) for smgmpentation, stereo
correspondence, image denoising problems and photomontage. Thg trers used are the same as
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Input: A residual graphGG" (V. E).
1: Initialize the graph
2: for the first cycle:
3. Construct grapléifor o = 1, save inpr ev
Perform 1-expansion for label 1 using flagged graph cuts
Save final excess flow graph @i | ow
. for labels | from 2 tol. do
Construct grapld, for current label
Reparametrizef | owbased on difference withr ev
Performi-expansion for label using flagged graph cuts
10:  Save final excess flow graphéf | ow
11: end for
12: for latex cycles;, iterations;
13:  Construct grapld:’/
14:  Reparameterize based 6ff andG?,
15:  Performi-expansion for labdl using flagged graph cuts

Algorithm 8: KERNEL_INCREMENTAL: Explains the steps involved in incrementakxpansion
for solving multilabeling problems.

© o NG

those given in the Middlebury MRF page [39]. The running time also dependhe number of threads

per block as it determines the level of parallelism. We experimented with diffetenbers of threads

per block. A block size 082 x 8 threads gives the best results with 256 threads per block. The reported
times of the GPU algorithm does not include the time to compute the edge weightanjgared our
implementation withn-expansion [49].

3.5.1 Bilabel MRF Optimization

For segmentation problems, we tested our implementations on various reatslafagure 3.6 shows
the results of image segmentation on the Person image, Sponge image, Floweaimlag synthetic
noisy image. The running times for these are tabulated in Table 3.8 along with théotif@eykov’s
sequential implementation of graph cuts.

The figure 3.3(d) evaluates different optimization methods on GTX280 onggpimage. The
stochastic cuts performs the best when= 2. It converges in 70 iterations to the global minimum.
However, whenn = 1 the convergence of graph cuts takes 100 iterations.

Figure 3.7 shows the results of independent segmentation of the framesdefoausing our imple-
mentation of dynamic graph cuts. The frame-to-frame change in weights isxedifor each edge first
and the final graph from the previous iteration is reparametrized usindhimges. The CUDA imple-
mentation of the dynamic graph cuts is efficient and fast. It finds the pixalshvdmange their labels
with respect to the previous frame. This operation is performed in kernedriallel. The two basic
operations, updation and reparameterizations, are performed by thed.kBo, the maxflow algorithm
terminates quickly on them, giving a running time of 4 milliseconds per frame. TaBleompares
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Figure 3.6 Binary Image Segmentation: Person, Sponge, Flower, and Synthetic images

the time taken to dynamically segment the 30 frames averaging over 10 fradmesTéa running time
depends on the percentage of weights that changed.

Figure 3.7 Segmenting frames of a video using dynamic graphs

3.5.2 Multilabel MRF optimization

We tested our incremental-expansion algorithm on different standard problems such as stereo
correspondence, image restoration, and photomontage on various irS&e® correspondence results
are shown on Tsukuba, Venus and Teddy images. Image restoratidts r&e shown on Penguin
image and photomontage on the Panorama image. All the datasets are takérefiditddlebury MRF
page [30]. The energy functions used are the same as used by them.

Figures 3.8(a) and 3.8(b) show the results of our approach on TauKatddy images respectively for
stereo correspondence. The results of restoration problem oniReémgge is shown in Figure 3.8(c)
and of photomontage problem on Panorama image in Figure 3.8(d). Timings@awa on Middlebury
code on the CPU, Fast-PD and dynami@xpansion on the CPU, our basic implementation without
flow reuse, and the complete incrementatxpansion. Our incrementatexpansion on the GPUs is 5-

8 times faster than the-expansion on the CPU using Middlebury code [30]. Stereo correspme on
Tsukuba image with 16 labels takes 950 milliseconds on the GPU compared tc@disen the CPU.
Dynamica-expansion [25] and Fast-PD [33] takes 3.23 seconds for the samaeR@(e) compares
the total times for convergence for different levels of optimization discliabeve on various datasets.
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Frames| CPU time | GPU_1 time | GPU_2 time
10-20 108 32 4
20-30 123 37 7
30-40 187 58 11

Table 3.7Compares the efficiency of our implementation of dynamic graph cuts on the IGstbws

the average time for segmenting 10 frames of the cow video. CPU time and1Gii¢ shows the
computation time taken for st-mincut/maxflow to segment each frame independe@i and GPU
independently. GPL2 computes the time taken to segment each frame by dynamically reusing and
updating the flows from the st-mincut solution of the previous frame to initializestthation for the
current frame.

3.6 Conclusions

In this chapter, we presented an implementation of graph cuts on the GPUJ$bWy architecture.
We used the push-relabel algorithm for mincut/maxflow as it is more paralltdizéke carefully divided
the task among the multiprocessors of the GPU and exploited its shared memioighfperformance.
We also present incrementalexpansion algorithm for high performance multilabel MRF optimization
on the GPU.

We are able to perform ov&0 graph cuts per second @d0 x 480 images. This i$ — 10 times
faster than the best sequential algorithm reported. More importantly, sigegph cut takes onf30 to
40 milliseconds, it can be applied multiple times on each image if necessary, withtatingareal-time
performance. We also presented the incremen&@tpansion algorithm for high performance multilabel
MRF optimization on the GPU. We efficiently utilize the resources available onutierdt GPUs. We
are able to get a speedup®df- 8 times on standard datasets on various problems. Our system brings a
near-real time processing of MRF to the reach of most users as the G&blevavery popular.

Image Size Time (ms)| Time (ms) | Time (ms)| Time (Ms)
BK Non-atomic| Atomic | Stochastic
Sponge | 640x 480 142 28 16 11
Flower | 608x 456 188 33 26 16
Person | 608x 456 140 31 27 20
Synthetic| 1Kx 1K 655 19 10 7

Table 3.8Comparison of running times of CUDA implementations on GTX 280 with that of Beyin
different images. Atomic: Push and Pull kernels are combined into oneh&tc. Atomic functions
are applied along with the stochastic operations.
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Chapter 4

Globally Optimal Multiresolution MRFs

Advancement in camera culture and ever increasing demand from th@emwtemt industries lead to
the acquisition of images involving millions of pixels. In this chapter, we focusameloping algorithms
to process on these large images containing large number of pixels andhiardper of labels. We
model the problem of optimization on multiresolution MRF framework where soludfoone level
dynamically updates the problem instance of the next level for better initializatio

We presenPyramid Cuts, a multiresolution approach to speed up graph cuts for energy minimiza-
tion. We combine classical multiresolution or pyramid processing with graphogtit®ization. Our
Pyramid Reparameterization exploits the optimal results on one resolution level of an image to initialize
its graph at the next higher resolution level. Pyramid reparametrization gsalw upsampling step to
increase the resolution of graphs and a weight modification step to forapa gith the same mincut
as the graph constructed at the higher resolution level. The mincut gethdra pyramid cuts using
multiple levels is identical to the mincut generated using graph cuts on the higkekition image.

We apply pyramid cuts to several problems: segmentation of images upto 10 mikals, [stereo
correspondence computation of images with over 1 million pixels, and denaisingges with upto 1
million pixels. It is 2-4 times faster than graph cuts on the highest resolutisegeptation for segmen-
tation problems. Speedups of 4-6 are observed on multilabelling problemddilem sand denoising.
We also implement pyramid cuts on commodity GPUs to exploit their computation péwsgeedup
of 5-10 over graph cuts on the CPU was achieved on the GPU with pyransid cu

Section 4.1 overviews the related work briefly. Section 4.2 presents thenfyreparametrization
scheme and the overall pyramid cuts algorithm. Section 4.3 presents resusisi@ipyramid cuts on
segmentation, stereo, and denoising problems. Section 4.4 presentsanfdwdong remarks.

4.1 The Problem

We look at minimizing an energy function of the following general form oveimaage, commonly
used in computer vision:

E(z) = Z Dp(zp) + Z Vipg) (Tp, zq) (4.1)
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where Dy, (z,) , the data term, measures the cost of assigning a label to azpaeli V(,, ) (7, 74),
the smoothness term, measures the cost of assigning pair of labels to thenagjaelsp andq. A
graph is constructed over the image using the energy values for eaeh ¥fwen the image is very
large, computational effort of minimizing the energy is high. Multiresolutiorcpssing using an image
pyramid is one way to process large images. We present our unified fameiwdynamic graph cuts
and pyramid processing in the coming sections.

4.2 Pyramid Reparameterization Scheme

Figure 4.1 Upsampling generates 4 nodes at levigr each node at levél + 1). The edges between
them are given a small weight. The weight of each edge at [évell) is copied to the pair of edges
generated by it at levél Weights of the 4-edges are copied from level Large positive weights are
added to the-edges based on the membership of a node at level.

We construct an image pyramid, 2, - - - , I with the original imagd! at the base and the coarsest
resolution imagé’ at the top. Each pixel af ! has the average color oRa 2 neighborhood of ?. We
useG" to denote the weighted graph constructed over the image atilevelG% as the final residual
graph after performing graph cuts on it. Pyramid reparametrization to initialezetaph at levet
using the results from the levék- 1 has two steps: upsampling and weight modification. Upsampling
generates graph§’ and Gi. from G+! and Gi*! respectively, each of identical dimensions@f.
Weight modification adjusts the weights 6f usingG? and G to generate>. We show that3 and
G' have the same mincut. Graph cuts@hconverges to the same global solution faster compared to
the graph cuts applied ai. Upsampling of*! is described below (see Figure 4.1).

Upsampling the Graph G**!:

1. Each node € Gi*! generates 4 nodes_, in G¢, giving G’ the same geometry &&.
2. The 4 “internal” edges between the nodeslue tov € G are given a small weight equal ¢o

3. Each edgéu, v) € G**! generates 2 edges @, between adjacent nodes fram, 0;. They are
given the same weight ds, v) in G**1.

4. Eachi-edge inG'*! generates #-edges in>i. They are given the same weight fra@it.
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5. Let St andT*! be respectively the source and target sets of nodes after optimizatiolat le
i + 1. Add a large positive weight to the edge from the source nogeeachi; node generated
by a nodev € S**! and a large positive weight to the edge from eagimode generated by a
nodeu € T*! to the target node.

Claim 1: The upsampled graplts’ and(:. have the same mincut.

Proof: We show that3? can be converted t67§; using a few steps that preserve the mincut. fet
and7" be the set of nodes ifi that are generated by nodes of the source and targe$’sétand7"*!
respectively. The grapﬁ?i has no edge connecting a nodedhwith another inZ*, as such pairs of
nodes will belong to different partitions @:*. G' also has edges with large weights from the source
node to nodes i and from nodes if” to the target node by construction (Step 5 of upsampling).

Consider an edge = (i,0) € G* with & € S ando € T%. By construction is connected to
the sources and to the target very strongly. Thus, in one step,can be saturated by sending flow
equal to its capacity from to ¢. The graph’ can be turned int(ﬁi by saturating all such edges. This
proves the claim thaf’ and Gj; have the same mincut. We take one interesting case and explain how
our upsampling rules maintain the same mincut for the gré“ﬁrmdéi as shown in Figure 4.2.

Weight Modification of Graph G':

1. Input: 3 graphs of identical geometry: upsampled gra@hs?. and input graphG?. Output:
Reparametrized graph.

2. Copy vertex list and edge list 6f to G'.

3. Given corresponding edges?, é,, andé in graphsG, G7, Gi., andG' respectively, set the weight
w(é) asw(e) + w(é,) — w(é). Weights are made non-negative as explained in [35].

Claim 2: The pyramid reparametrized graﬁﬁ has the same mincut as the gragh

Proof: SinceG’ and@i have the same mincut, the weight modification procedure is a reparametriza-
tion of G* that preserves the mincut, as shown by Kohli and Torr [35]. Tﬁﬁé)as the same mincut as
G

Pyramid cuts generates results identical to graph cuts on the original Gfapfiihis is true even
if small foreground segments disappear at lower resolutions due togavgraBanded graph cuts [16]
cannot handle such cases and adaptive banded graph cuts [4jodegsaintaining a separated record
of changes. Algorithm 9 gives the pseudocode of Pyramid Cuts.

Practical points: In practice, the large positive weight added to thedges cancel away in the
weight modification step. Its role is limited to proving Claim 1. In the pyramid rapatezed graph
G', the “internal” edges between nodeswill have weights equal to their corresponding edge&'in
Othert-edges and-edges will have reduced or zero weights depending on the diffeteetoeen;’
andG:. Thus, graph cuts o6 will converge quickly to the global minimum of the graph.

Pyramid cuts uses pyramid reparametrization to initialize the graph at one tnglthe optimum
from the next coarser level. The graph so formed is optimized using regyaljgh cuts. We use the code
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Figure 4.2 Gi*+1, Gi+! and its upsampled versionts’, .. G can be converted t6. by saturating
edges that conne&t’ and7” in the shaded region.

by Boykov and Kolmogorov [48], which is the fastest sequential implememtatrailable, for this step
on the CPU. Enhanced performance is given by the pyramid processagnstead of processing the
image in the original (highest) resolution.

Pyramid cuts can also exploit the Graphics Processor Unit (GPU), wiesamt. Commodity GPUs
found on most systems provide high computation power of around 1 TRA@RIse our own GPU
implementation of graph cuts described in the previous chapter. Pyramidnegtaization is performed
in parallel on the GPU when moving from one level to the next. The GPUslsartampute the energy
functions in parallel.

Pyramid cuts runs 2-4 times faster than single level graph cuts on the CPAJ&twhes on the GPU
as shown in Figure 4.3(a). For our scheme, the optimization time continuesp@siraore resolution
levels are added to the pyramid initially. Adding more levels, however, dete®ithe performance
beyond a point (Figure 4.3(b)). This is due to the higher overheadoofgsing additional levels com-
pared to the gains. Experimentally, stopping at a resolution level where tige inas 20 to 40 thousand
pixels is most efficient.

Limitations: The speed advantage of pyramid cuts comes at the cost of large memairgmsents.
The image pyramid can take need 33% more memory than the highest resolytjorvVé® also need
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1: Construct a pyramid of imagds, 12, I3, ..., I'” with the original imagd! at the base. Pixels of
I'+1 are averaged versions oRax 2 neighborhood of *.
2: Construct and save the edge capacitated gédpfor the smallest imagé’.
3: Perform graph cuts to separate graph into two sets.
4: Save the final residual gragh-.
5: for levels: = (L — 1) to 1 of the pyramidio
6: Upsample the initial and final grapi& ! andG’*! to G and (.
7. Construct and save edgecapacitated g@ph
8:  Getthe reparameterized graph usingG?, G* andG?.
9:  Perform graph cuts o6 to separate graphs into two sets
10:  Save the final residual grak.
11: end for

Algorithm 9: Pyramid Cuts Algorithm, unifying the concepts from dynamic graph cuts arltires4
olution MRFs.

to storeG* andG". for each level for use by the next level. This can triple the memory requirente
store the graphs. This is a problem especially on the GPU as its memory capéoiiyed and cannot
be enhanced.

4.3 Pyramid Cuts: Applications

We show how different labelling problems in computer vision can be solMéedesitly using pyra-
mid cuts in this section. We demonstrate its applications on segmenting large imagealsaNise
pyramid cuts to speed up the graph cuts usedviaxpansion for multilabel problems and show re-
sults on stereo correspondence and image denoising. Pyramid cuts isl aingatly for segmentation
problems, which assign binary labels.

The run times are computed on a dual-core CPU with 4 GB of memory. The GiPtmas are
computed on a quarter of the an Nvidia Tesla machine with 4GB of device mema34® computing
cores. Our focus is on the performance enhancement brought &snjayreparametrization. We there-
fore compare the multiresolution computation time of pyramid cuts with the equivaleogéssing at
the base level of the pyramid directly. The same implementation of graph cutsdgarssingle level
processing and for pyramid processing. The code by Boykov and Kmdrow [48] is used for CPU
comparison. We use our own GPU implementation of graph cuts describedgrethieus chapter.

4.3.1 Image Segmentation

We used pyramid cuts to segment images of different sizes and typestehtom the types of
images shown in Figure 4.9. All images had content complex boundaries drefar=ground and
background. The segmentation framework used is similar to GrabCuts [83eAbrushed the images
to give foreground and background strokes. These were used tdizeitaaussian Mixture Models
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Figure 4.3 (a) Comparison of the optimization time in seconds of graph cuts with Pyramid&epa
eterization scheme on CPU and GPU on two images. (G-PyCut-GPU PyramidCEBRig;ut-CPU
Pyramid Cuts, GCut-a single level graph cut). (b) Total running time in sicohPyramid Reparam-
eterization on tw@048 x 2048 images as the number of pyramid levels is changed. The size of the
lowest resolution is shown. All were run on CPU only.

(GMM) for the foreground and the background. The data terms forrieegg came from the GMM and
a Potts model was used for the smoothness term.

Figure 4.4 Accuracy of segmentation improves as we use pixels from all levels to buiteNhds. Left
half shows the image with a window marked on it. Right half shows the segmentdttbe marked
window when the GMM is built using pixels fromop Left: all imagestop right: the largest image,
bottom | eft: the same level only, arabttom right: the smallest image

GMM Building GMM model needs to be built carefully when processing image pyramids with
large variations in the foreground and background pixels. We use mawedians in the mixture than
comparable methods; 15-20 Gaussians in each mixture works best. Tkesstrade on one particular
resolution can be transferred to corresponding pixesl in other levedssbuill the GMMs using pixel
colors from all levels of the pyramid. In practice, the low-pass filtering inhilgler levels makes the
models computed using all levels produce better segmentation than models ingilpixgls from the
highest resolution alone (Figure 4.4). It also worked better than uspagate GMMs for each level that
are trained on pixels from that level as seen in the figure. Figure 4.4fadswssa comparison between
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different GMM training options. The different ways of building GMMs olifgpacts the segmentation
quality and has no effect on the computation time, however.
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Figure 4.5Running time in seconds for image segmentation using Pyramid Cuts on the GPY{@),
on the CPU (C-PyCut), and a single level graph cut (GCut). (a) The optiiiztime. (b) The total
time, including energy calculation, graph construction, and optimization timings.

The running time of Pyramid Cuts on the CPU and the GPU and a single levél guapn the CPU
is given in Figure 4.5. The optimization time is the time to compute the mincut after thk graptup.
Pyramid Cuts performs the optimization 2-4 times faster than graph cuts on tlestigholution level
on the CPU. The speed up on the GPU ranged from 4-9. We also showtdheg¢gmentation time,
which includes the time to compute the energy values and to build the graph.p&ée sp drops to
2-4 on the CPU over but increases to 6-10 on the GPU. The GPU versbrates the energy values
and builds the graph in parallel, yielding higher performance. It must bedrtbat the graph building
time for pyramid cuts includes the time for pyramid reparametrization. Our expetsmeing pyramid
cuts on over 15 other images with 1 million to 10 million pixels gave an average smpeefi3.5 for
optimization and 3 for complete segmentation on the CPU. The correspondingraiorbthe GPU
were 7 and 9 respectively.

4.3.1.1 Interactive Image Segmentation

User interaction plays an important role in foreground/background fparation. Several methods
have been presented to segment a foreground layer interactivelynfrages. A graph-cuts based energy
minimization is at the heart of most approaches. Global optimization was usedlyngethods [46,

1, 47, 8]. Local optimization using a virtual paint-brush has also beed rtessently, especially to
provide interactive experience on large images [10, 21]. Processg®ilaages is a necessity today as
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even entry level digital cameras take pictures with multiple millions of pixels. Glopnization is
computationally challenging on such images.

Large images are likely to contain multiple, distributed regions that constitute thgrémund layer.
Figure 4.9 presents several examples. In contrast, most previous méticoded on segmenting one
dominant foreground object in the image. The distributed nature of fonegrmakes painting or bound-
ary based methods tedious for the user. Global optimization based on arfelles to define the fore-
ground and background will work best on such images. The computatiprirements may challenge
global optimization methods, however. Fast processing is needed to retaisdtis interactive interest.
A quick perusal on the web suggests that an overwhelming fraction ofuthlecpmages is of size less
than 10 million pixels (Figure 4.6(a)). Fast segmentation of such images caryeseful to a large
number of users.
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(a) Statistics of image sizes available on Google im- (b) Results of a user study on image size for com-
ages for a few common search keywords such as “an- fortable manipulation for two display sizes. Average

imal”, “family”, “soccer”, “flower”, “statue of lib- subjective response on a scale from 1 to 5 (1 best)
erty”, and “Obama”. An overwhelming fraction of is shown for six image sizes. Images that are larger
images are of size 2 to 10 million pixels. Only 0.6% than the display is disfavored by users.

of fewer images had more than 40 mega pixels.

Figure 4.6 In our experiments, the large images for segmentation range from 2 MP toPL(0t 4
supported by the results of the quick perusal on the web.

We thus presenPyramid Segmentation System, an approach to separate a distributed foreground
layer in large images using a global optimization method, which provides a qoitlapproximate
segmentation feedback like painting based methods. At the core of oursiegioe system ipyramid
reparametrization technique discussed in section 4.2. We also exploit the computation powes of th
GPUs to provide a quick, interactive response. The bulk of the interaigtiparformed at a coarse
pyramid level at which the entire image is visible on screen. Figure 4.6(hWsshwat users prefer
handling images that fit the screen and dislike scrolling for selection. Gtersypresents a novel user
experience that presents a quick segmentation to the user, while the compbetesing proceeds in the
background. This exploits the gap between the responses of the huraaptpal and motor systems to
hide expensive computations while providing a satisfactorily quick regpons
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Pyramid Segmentation SystenPyramid Segmentation system first loads the image and blilds
levels of the image pyramid. The choicelotiepends on computational considerations only. In practice,
we stop at levell when the number of pixels ifi” is in the neighborhood of 40K or approximately
200x 200 (Figure 4.3(b)). The image displayed to the user is of léyat which/¢ has a size in the range
of 160K to 250K. This balances the presented detail with ease of interadteiger images provide
more detail, but is more tedious to interact with if panning or large mouse movésnestessary. User
can increase the display resolution for finer interaction. We maintain the wistk® when doing so.
The foreground and background specified using strokes or bagibdixiat the display resolution level
are transferred up and down the pyramid to build or update the GMMs. vidralbprocess of Pyramid
Segmentation is described below.

1. Load the image and build levels of the pyramid using x 2 averaging. Display? to the user
for interaction.

2. Getforeground and background strokes from the user. Tatisf strokes to all levels and update
the GMMs using pixels of all levels.

3. Perform complete graph-cuts on gra@h.

4. Build the graprGNi at leveli from the results of level + 1 using pyramid reparametrization.
Perform graph cuts on it.

5. Quick Segment: Display the segmentation results to the user once thelifriageocessed. This
provides the user with a perceptual response to start planning furtbeadtions.

6. Continue processing lower levels using Step 4 in the backgrourdd t#lprocessed.
7. Propagate the segmentation mask up the pyramid. Change the image displagesssary.

8. Wait for further user input. Changé if user changes the display resolution. Repeat processing
from Step 2.

The system provides quick response to the user (Step 5) to boost treeiivielexperience. These
results could change after complete processing. The changes are sthalppear quickly, before
any user action. Table 4.1 gives the time to quick segmentation results andl 8egfoentation result,
available after the base image is segmented. We are clearly able to provid& eegponse to the user’s
perceptual system, while exploiting the lag in the physical response time figplete computation.
This is critical to provide interactive experience to images with 10 million or morelgixMost of the
distributed foreground layer is recovered in a few iterations. Locakaaient of specific parts can then
proceed at higher resolution levels, if necessary.

Our system displays the image to be segmented at a display resolution ofl 2@QiK pixels. The
user interacts with this image. The complete view of the image that the user hashisaidéeraction
more effective. The user has the ability to increase or decrease theydisptdution to facilitate finer
interaction at places. The impact of such interactions can be restricted ¢aladgion of the image,
typically the portion being displayed. Global impact is enabled by default.
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Image QPU time QPU time _ Diﬁerence
Quick | Final || Quick | Final | in pixels (%)
Animal 3 7 0.82 3.2 5.2
Games| 7.2 17.4 1.4 8.3 1.8
Flower 1.8 7.2 0.7 2.4 0.5
Birds 3.4 13 1.2 7 4.7

Table 4.1 Time in seconds till the quick segmentation response and the final respomseamhiplete
graph cuts on several images along with the differences in pixels betwesndhlLess than 5% of the
pixels of the quick segmentation region change after complete processing.

We compare the performance of our pyramid segmentation scheme with GrabiCh uses global
optimization and Quick Selection which uses local selection. The comparisomade on a computer
with a dual-core CPU and 4 GB of memory. The GPU timings were obtained oanthe machine with
an Nvidia GTX280 card.

Speedy response is the advantage of our method over other global matftbdase of interaction
on complex foregrounds is our advantage over painting based methigiise B.8(a) shows the total
response time, from the time when the user ends manual interaction to the$§ipahse. The total time
to segment the foreground layer satisfactorily over multiple iterations is skiwsve. The interaction
time of local methods will be high [21] on images with a distributed foregroundr|ayough they
provide quick feedback. In our system, the quick segmentation provideddedback to the user's
perceptual system to maintain interest, while complete optimization proceeds iadkgrdund. The
average total response time of our method is less by a factor of 3-4 tha@rand Quick Selection.
Complex images with a distributed foreground is particularly challenging fotipg based methods as
the image needs to be panned and interacted with everywhere. Paint Sgl&iwould have been the
closest tool to compare with, but we were not able to obtain code for itroit an our images.

User Study: We conducted a user study to evaluate the response of users onrdiffgséems on
three images (Animal, Flower, and Politician) as shown in Figure 4.9. We segfi@olunteers to
segment three images using Quick Selection, GrabCut and Pyramid Segnmeat@iaqyiving them a
short tutorial on them. The results for 3 typical users are shown in FigjiiteWe collected the total
interaction time, segmentation response time, and an overall subjectiveosdbie experience.

Users rated the Pyramid Segmentation system better than others on these iffaggsick seg-
mentation result was found to be useful as they could start planningrtbeflinteraction sooner. The
users did not feel they were waiting for results when the final segmentatisrstill being computed in
the background. The scribble based interaction was preferred brirsages by the users as they didn'’t
have to deal with each foreground region independently. Scrolling evaslfto be very distracting; the
availability of the overall image in the display window, even at a lower resolutias a factor in favor
of Pyramid Segmentation. Figure 4.7 shows this study. One user foundahgeim output from the
quick segmentation to the final segmentation on the “Games” image distractingtasféred with the

40



120 yser User2 User3 200 ysert User2 User3

m100
e 150
80 ‘
1
W G-PySeg
n 60 ] BIC-PySeg 100
S 40 GrabCut
o
ol Al Al |III il 1 ol
d > o -
LEF LEF & P
s F&F S ES P ﬁf* LLF LEF
Images |magé‘§ »
£250  ysen User2 User3 5  usen User2 User3
200 4
n 150 WG-Pysed 3 |
5 W C-PySeg |
i100 GrabCut 2
o gg I ‘ mos |
n 1
ol il |
s
e\* . 'Zégﬁ?‘ & 0
ﬁf <~\<° W S Lt LB S
Images il s Image;e ¢ \‘

Figure 4.7 Results of the user study on CPU and GPU versions of pyramid segmentagionell
as GrabCut and Quick Select on the CPU. Top row, left: Interaction timertblides the time for
scribbling and image panning, right: response time of the system after imbeiaere over. Bottom
row, left: total time for the interaction including everything, right: subjectiedback of the users on
the overall experience, with 1 being the best. All times are given in seconds

plans made for the next iteration. Pyramid Segmentation on the GPU was lgersed above it on
the CPU due to the faster response times (Figure 4.8, right).

Overall, the total time spent by a user to extract the foreground usingrityi@egmentation on
these images was on the average less by a factor of 3 to 4 compared touGaatCQuick Select
(Figure 4.7, bottom left). The use of GPU for the computations improvedthdurwhenever possible.
The quick segmentation feedback kept the user interested in the prabilsssimultaneously reducing
the segmentation time.

4.3.2 Stereo Correspondence

Stereo correspondence is modelled as a problem of assigning a labehtpiral corresponding
to its disparity. It is solved using-expansion, which proceeds in cycles, each of which perfaims
iterations, wherd. is the number of labels. Each iteration performs a 2-label graph cuts dtahlgu
constructed graph [44]. We use the pyramid cuts procedure for eablstep.

Label-space compression:The labels represent disparity between the left and right images. At
higher levels of the pyramid, the range of labels shrinks by a factor ofoRgawith the horizontal
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(a) Comparison of the complete response time (b) Results of another user study to measure the interaction
in seconds of pyramid segmentation on the GPU time in seconds (left) and subjective user experience on a
(G-PySeg) and the CPU (C-PySeg) with Grab- scale of 1 to 5 with 1 being the best (right) with and without
Cut and Quick Selection on the CPU. Total re- the quick segmentation response. Users updated the seed
sponse time is measured from when the user re- pixels and performed the segmentation. Quick segmenta-
moves the brush to the time at which the output tion option resulted in a positive experience consistently.

is displayed. Time to segment all objects in the

foreground layer is reported.

Figure 4.8 Figures illustrate the total response timings and the subjective response ugdfs while
conducting user studies.

resolution of the image. The number of iterations required is very small asu#t e¢ higher levels.
Moreover, the disparity valu# ' computed at level+ 1 is a good approximation of the true disparity.
Thus, the search space in levadan be restricted to the intervi@d’t! — A, 24+ + A] for a suitably
small A (Figure 4.11). The number of iterations in each cycle of léweill then be2A + 1, resulting
in reduced computations.

Figure 4.10 shows the left image and the disparity for some of the pairs asedderimentation,
taken from the Middlebury stereo data set [30]. Figure 4.12 shows timényitimes for a few pairs. The
optimization time and the total time are shown separately. We use 4 or 5 resolutdsflamvthe full-
sized images. Tha value varies from 5 in level 4 to 40 in level 1, when the disparity range was o
250 in level 1. Pyramid cuts achieve a speed up of 4-6 over the singlegley@h cuts on the CPU. The
speed up on the GPU is 15-25 for the total time. This is due to computing theyarsdugs and graph
construction in parallel. Figure 4.13 shows the running times on images afediffeizes. Pyramid cuts
achieves greater speed ups on larger images. Similar timings were obtaio#tetpaxamples from the
Middlebury page as they are all of very similar sizes.

4.3.3 Image Denoising

Image denoising is modelled as a problem to assign a label correspondiegimidk free gray label
to each pixel. It is solved using theexpansion algorithm that proceeds in cycles and iterations. Our
implementation uses pyramid cuts for the basic optimization in each iteration.
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Animal Games Flower Leaders
3.3MP (2048 x 1600) 8.9 MP (3456 x 2592 ) 6.9 MP (2774 x2504) 1.9 MP (1600 x 1200) 8.2 MP (3504 x2336) 12.7 MP (4368 x 2912)

Figure 4.9 More images from the test data set, ranging from 2 to 13 mega pixels. Toporiginal
images, middle Row: Output of pyramid segmentation method, bottom row: OutQuiick Selection.
Image category and the sizes are also given.

Figure 4.14 shows the inputimage, the noisy image, and the denoising resalfe of the images
we experimented with. For this experiment, Gaussian noise with zero meansaaddard deviation
of 40 was added to each pixel. Figure 4.15 shows the optimization and the totalftimnmme of the
images using pyramid cuts and single level graph cuts. Pyramid cuts achispesd up of 2-3 on the
CPU and a speed up of 6-12 on the GPU on the total time. We also experimdtitatifigrent levels
of synthetically added noise. Experimentally, the running time is mostly indepentithe noise level
but increases with the size of the image being processed.

4.4 Conclusions

In this chapter, we presented Pyramid Cuts for multiresolution computatioraphgruts defined
over regular MRFs used in computer vision. The pyramid reparametrizatiome ensures that the
graph cuts computed over the pyramid has exactly the same energy as the micuitncomputed on
the full graph. We achieved speed ups ranging from 4 to 25 on varrob$gmns involving segmentation,
stereo correspondence, and denoising.

Performing graph cuts on large images in practical time is still a computationbémfpa The
basic maxflow computation is being optimized using multicore CPUs and GPUsnigycats adds an
independent dimension of multiresolution processing to them and can Hemrefimprovements in the
basic algorithm.
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Figure 4.10Images from the stereo test data set. Top row: original images. Bottom naywutoof
stereo using pyramid cuts. Image labels, sizes and the number of dispagity/flem left to right are:
Art (1328x1104, 200), Books (13281104, 200), Laundry (13281104, 230), Plastic (12641104,
280), Bowling (124& 1104, 290), Flowerpots (13%2.104, 251), Moebius (12641104, 280).
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Figure 4.11The range of labels halves with each level of the pyramid. The seard¢hbfels is limited
to aA neighborhood of the disparity found at the lower resolution level.
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Figure 4.12 Running time in seconds for stereo correspondence using Pyramid Ctite GPU (G-
PyCut), on the CPU (C-PyCut), and a single level graph cut (GCutl'He)optimization time. (b) The
total time, including energy calculation, graph construction, and optimization téning
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Image Size EnFun GraphConst OptTime TotalTime
Ours | a-exp | Ours | a-exp | Ours | a-exp | Ours | a-exp
Flowerl | 1600x1200| 1.22 | 0.72 | 14.85| 7.56 | 0.82 14 | 16.89| 22.82
Flower2 | 1600x1200| 1.07 | 0.72 | 14.17| 7.62 | 0.86 | 85 | 16.1 | 16.84
Flower3 | 1600x1200| 1.09 | 0.71 | 17.05| 7.67 | 0.85 | 26.94| 19 35
Flower4 | 1600x1200| 1.09 | 0.71 | 12.32| 7.6 | 091 | 2.92 | 14.32| 11.23
Flower5 | 1600x1200| 1.09 | 0.71 | 17.01| 7.48 | 0.9 | 4.66 19 12.85
Flower6 | 1600x1200| 1.09 | 0.71 | 18.97| 7.52 | 0.87 | 1.55 | 20.93| 9.78
Flower7 | 1600x1200| 1.08 | 0.72 | 20.93| 7.56 | 0.86 | 20.76 | 22.87| 29.04
Flower8 | 1600x1200| 1.18 | 0.72 | 13.81| 7.5 | 0.89 | 13.04| 159 | 21.3
Flower9 | 1600x1200| 1.07 | 0.70 | 18.33| 7.7 | 0.85| 9.53 | 20.3 18
Flower10 | 1600x1200( 1.06 | 0.74 | 20.34| 7.72 | 0.28 | 9.75 | 21.7 | 18.2
Familyl | 1600x1200| 1.09 | 0.7 | 10.73| 8 6.79 | 7.2 | 18.61| 15.9
Family2 | 2048x1536| 1.78 | 1.2 | 18.29| 13 | 11.14| 21.8 | 31.21| 36
Family3 | 1880x2816| 3.78 | 2.02 | 33.08| 22.14 | 7.74 | 74.8 | 44.6 | 98.9
Family5 | 3008x2000| 13.94| 2.3 | 39.87| 24.8 | 17.47| 46.8 | 71.28| 73.9
Family6 | 2304x1728| 2.27 | 1.5 | 23.04| 16.44| 11.45| 98.3 | 36.76| 117
Animal4 | 3008x2000| 3.16 | 2.28 | 38.8 | 2.28 | 3.44 | 56.89| 454 | 61.5
Animal5 | 4567x3104| 31.9 | 5.31 | 154.4| 531 | 97.8 | 98.8 | 284.1| 109.42
Animal6 | 3000x2278| 3.6 26 | 434 | 26 7 31.5 54 37
Animal7 | 2800x1800| 2.8 1.9 33 19 | 334 |19.89| 69 24
Animal8 | 3008x1960| 3.19 | 2.23 | 37.5 | 2.23 | 52.8 | 39.94| 935 | 444
Animal9 | 3648x2736| 14.3 | 3.8 | 64.55| 3.8 211 | 83.45| 289 92
Animall0 | 1600x1200| 1.03 | 0.73 | 11.4 | 0.73 | 7.36 | 3.14 | 19.8 4.6
Animalll | 2304x3072| 3.69 | 2.68 | 43.34| 2.68 | 39.82| 137 | 86.85| 142.5
Animall2 | 1984x1488| 1.55 | 1.13 | 18.12| 1.13 | 9.4 8.4 29 10.7
Animall3 | 2000x1370| 1.45 | 1.04 | 16.81| 1.04 | 8.19 | 15.76 | 26.45| 17.84
Animall5 | 2000x1332| 1.41 | 1.01 | 16.11| 1.01 | 16.7 | 11.56| 34.22| 13.6
Gamesl | 2774x2504| 3.57 | 2.65 | 36.59| 28.85| 8.46 | 20.86 | 48.62| 52.3
Games3 | 3456x2304| 4.12 | 458 | 45.7 | 50.86 | 20.83| 13.88 | 70.65| 69

Table 4.2 Time in seconds for segmentation on various images. Large size imagedlacéedoran-
domly from web. It compares the time taken by our approach-expansion for energy function
calculation, graph construction and optimization steps.
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Figure 4.13 Running time in seconds for stereo using Pyramid Cuts on the GPU (G-Pysduthe
CPU (C-PyCut), and a single level graph cut (GCut) on images of ful| beésize, and one third size.
(a) The optimization time. (b) The total time, including energy calculation, grapistouction, and
optimization timings.

L2

Figure 4.14 Top row: Original images. Middle row: noisy images. Bottom row: Denoisegions
using pyramid cuts on a few test images. Image labels, sizes, and the fdabel®s from left to right
are: BeelLeaf (640x600, 256), BlueBerry (440432, 256), Pond (16001200, 256), Rabbit (800800,
256), Tiger (40396, 256).
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Image Size Labels EnFun GraphConst OptTime TotalTime
Ours | a-exp | Ours| a-exp | Ours| a-exp | Ours| a-exp

Aloe 1280x1104| 224 28 179 420 396 97 317 545 892
Babyl 1232x1104| 256 29 192 443 434 109 754 581 | 1380
Baby?2 1232x1104| 256 29 192 451 433 169 667 649 | 1292
Baby3 1312x1104| 256 31 207 491 461 116 706 638 | 1374
Bowlingl 1248x1104| 240 28 225 417 513 341 | 1213 | 786 | 1951
Bowling2 1312x1104| 240 31 198 462 441 262 881 755 | 1520
Cloth1l 1248x1104| 240 29 189 435 423 98 289 562 901
Cloth2 1280x1104| 208 24 171 372 378 104 536 500 | 1085
Cloth4 1280x1104| 256 30 209 485 469 106 420 621 | 1098
Lampshadel 1280x1104| 256 30 207 472 466 360 | 1212 | 862 | 1885
Lampshade2 1280x1104| 256 30 207 479 467 337 | 1233 | 846 | 1907
Midd1 1376x1104| 256 33 224 533 500 270 | 1830 | 836 | 2554
Midd?2 1344x1104| 256 35 219 | 518 | 488 | 405 | 1684 | 958 | 2391
Rocks 1 1248x1104| 272 31 212 490 478 120 492 641 | 1182
Rocks 2 1248x1104| 272 28 212 542 478 125 656 695 | 1346
Wood1 1344x1104| 208 29 182 394 393 182 972 605 | 1547
Wood?2 1280x1104| 256 31 203 479 454 429 | 1408 | 939 | 2065
Art 1376x1104| 256 33 221 561 492 115 663 709 | 1376
Books 1376x1104| 256 33 220 549 492 102 742 684 | 1454
Computer | 1312x1104| 256 31 210 513 468 155 701 699 | 1379
Dolls 1376x1104| 256 33 221 549 490 144 538 726 | 1249
Drumsticks | 1376x1104| 256 33 222 588 493 160 617 781 | 1332
Dwarves 1376x1104| 256 33 220 548 491 127 741 708 | 1452
Laundry 1312x1104| 256 30 202 493 463 84 242 607 907
Moebius 1376x1104| 196 26 174 366 377 286 627 678 | 1178
Reindeer | 1312x1104| 224 29 187 428 413 130 658 587 | 1288

Table 4.3Time in seconds for stereo correspondence on various standard irhaggs size images are

collected randomly from web. It compares the time taken by our approagctetgpansion for energy
function calculation, graph construction and optimization steps.
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Figure 4.15Running time in seconds for Pyramid Cuts on the GPU (G-PyCut), on the CARyQQt),
and a single level graph cut (GCut). (a) The optimization time. (b) The total fimkiding energy
calculation, graph construction, and optimization timings.
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Chapter 5

Conclusions

This dissertation addresses the issue of speeding up the MRF optimizatioaddefier discrete
variables using graph cuts. Last few decades have seen many MAPtastiprablems in computer
vision being mapped to energy minimization framework. The popularity hassisea the introduction
of graph cuts based methods which provide accurate results at moderatetimertain class of energy
functions. Unfortunately, however these methods have not been abiavidgpa real time performance
which otherwise is required in many applications. Examples include robagataons, surveillance,
video processing etc. In this dissertation, we target towards speedihg gpaph cuts algorithms.

The first part of this dissertation deals with speeding up the graph cutgrapd cuts based methods
on hardware accelerators like GPUs with application to computer vision usifRACPreprocessing
steps of building energy functions and graph constructions are alsoeshappo the GPUs. We also
target the problem of minimizing multiple similar functions on the GPU. We showedapvoblem
instance similar in structure can be solved efficiently on the GPU by reusihigaycling the flows from
the solution of the previous MRF instance. In summary, we showed howaetitféacilities provided by
the GPU can be utilized to speed up the MRF optimization using graph cuts.

Advancement in camera culture and ever increasing demand from theaemtemnt industries have
lead to the acquisition of images involving millions of pixels. The second parteofligsertation deals
with the processing of high resolution images involving large number of pixelslarge number of
labels. We model our optimization problems on multiresolution framework andnaigngraph cuts
which speed up the basic graph cuts by a factor without sacrificing thel giptiaality.

5.1 Our Contributions

The major contributions of this dissertation are listed below:
Fast Graph Cuts on the GPUsWe proposed a fast implementation of the push-relabel algorithm

for mincut/maxflow algorithm for graph-cuts using CUDA with applications to compuision. The
additional computation efficiency is achieved by exploiting the grid structutteedMRFs arising in vi-
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sion problems. This makes the GPU an ideal platform for energy minimizatidrepng. Our method
adaptively manages the work load to improve the computation performance ptigh-relabel algo-
rithm by factors for different problems on the GPU. We also proposed mistitomap dynamic graph
cuts [35, 25] on the GPU. In addition, the edge weights computation ant goagstruction were also
ported on the GPU, providing a factor of speedup. We also presentedriantaly-expansion, extend-
ing our basic and dynamic graph cuts implementation on the GPU to solve diffeuttiiabeling MRF
optimization problems.

Globally Optimal Multiresoltion MRFs We presented fully dynamic algorithm based on multires-
olution MRF and dynamic graph cuts to process on the high resolution imagdsifmy millions of
pixels and large number of labels. We combined classical multiresolutiongmiagewith graph cuts
optimization. Our Pyramid Reparameterization method exploited the optimal resatseablution
level of an image to initialize its graph at the next higher resolution level. Pyregpiarametrization
involved an upsampling step to increase the resolution of graphs and a weigdtication step to form
a graph with the same mincut as the graph constructed at the higher restduébriThe mincut gen-
erated by pyramid cuts using multiple levels is identical to the mincut generategl grsiph cuts on
the highest resolution image. We showed the results on image segmentatiem csteespondence and
image denoising problems on higher resolution images with large number of.labels

5.2 Directions for Future Work

We conclude this dissertation by providing some directions for future wtirlvas shown in the
thesis how efficient implementation of the push-relabel algorithm can helpe#dépy up various com-
putationally expensive MRF optimization problems arising in computer vision.n Bven there is a
clear need to extend it further to speed up the basic graph cuts to ach&#iime performance. One
obvious way is to use global and gap heuristics along with the push andréabkl steps in the push-
relabel algorithm for large images to improve the computation efficiency. @oykal. had proposed
an augmenting path based method for graph cuts by starting two searcfreoredsoth s and¢ and
reusing the trees from iteration to iteration. The development of an algoriisedoon this augmenting
path based method on the GPUs using the primitives like split, sort, segmemegtscia an important
direction for future work.

Another promising and interesting direction is to use multiple GPUs for diffévi&tf optimization
problems involving large number of pixels and labels. The work can betisdpdivided and dis-
tributed over the these GPUs. Each GPU may process on a region of thednthgesubset of the labels
to improve the performance. This will require flawless merging of the resugjsttthe final solution.

Higher order potentials and relations are generally used to model the ritistain the natural
scenes. As the order increases, so the complexity of the problems exteas GPU has been very
successful in improving the performance of many complex problems. Fuoilnedynamic and hierar-
chical MRF framework can incorporate the higher order statistics efflgiehhus, there is clear need
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for extending the work to incorporate higher order potentials and nbmesdular energy functions on
the GPUs and on the multiresolution MRF framework.

Researchers have also proposed methods to reuse the solutions éwiouprcycles to the cur-
rent cycle as in the dynamig-expansion [25], which uses graph cuts as intermediate step. One of
the promising directions is to use our multiresolution graph cuts to further sgedte dynamiex-
expansion. We also showed how label space compression may be iratechm our multiresolution
framework for the stereo correspondence problem. Similar compresslabéhspace may result in
reducing the computation overhead for denoising problems too.

We conclude this dissertation by the following observations: Graph cedbagthods have proved
to be instrumental in solving various computationally challenging problems in dempigion. They
provide an accurate and robust solutions at moderate times. Subsequeshtlye seen effort to improve
the computation efficiency of the graph cuts algorithmically and on the paraliditare accelerators.
We have also seen many new problems in computer vision being solved uspigayts based methods.
These recent interests in the development of new graph cut baseirafgoshow that these methods
will remain popular in computer vision for a long time.
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