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CHAPTER 1
INTRODUCTION

Devices for displaying information can be categorized asiai and tactile displays.
Tactile displays are usually designed for the visually imgzhand use mechanical parts to
update an image. Visual displays are the most common dsp@agmmon types of visual
displays are analog and digital electronic displays, angeptors. Cathode ray tube (CRT)
is an analog electronic display device invented by Karl Fenad Braun in 18971]. CRTs
are used as oscilloscopes, televisions, and video and demglisplays. Using CRTs for
televisiort was rst described by a letter written fdatureby Alan Archibald Campbell-
Swinton in 1911 2]. This was the very rst version of the television method,iglhwas
later re ned in 1926 and 1928. CRTs were used in all televisets until the 1990s,
when plasma display panels (PDPs) and liquid crystal dysplaCDs) became practical.
PDPs and LCDs are lighter and thinner than CRTs, which makes there convenient for
consumersd]. By the early 2000s, LCDs started to dominate the televisrmh@mputer
screen markets.

LCD technology was not able to compete with PDPs in sizes ofot04rger because
PDPs had lower costs. By 2004, 40” and 45” LCD televisions wedely available with
competitive market prices. After 2004, major manufactsir@nnounced the successful
manufacture of large display sizes such as 82" and 102”. Wgir higher resolution and
lower power consumption compared to PDPs, LCDs are rapidiyigg in the display
market. Although large size LCDs are more attractive to coress, they have a number

of disadvantages, as given beld8{[#].

A

LCDs usually have a lower contrast ratio compared to PDPs. UE&ksssome of the
black light because of their nature of operation, which dases the contrast, which

is de ned as the dierence between black and white pixels.

1A telecommunication method for broadcasting and receiirmages.



With larger display sizes artifacts in the source video amrawisible. Noise or
compression artifacts such as ringing, blocking, and daolleeding are disturbing on

large displays.

LCDs produce sharp images only in their native resolutionteae to scale images

at non-native resolutions. Unfortunately, scaling introgls blurriness.

" Refresh rates in NTSC (60 Hz), PAL (50 Hz), and SECAM (50 Hz) fatsicause a
icker problem, which requires increasing the refresh gf@cally to 100 Hz. Also,

increasing the refresh rate gives a crispy look to the video.

Video source rate is almost always lower than the refreghtoateduce transmission
and storage costs. However, lower rates introduce probgercis as motion judder
and blurriness. Judder is observed as the unnatural motiobjects in the scene,
and blurriness results because of the inability of the olesdp track and focus on

the moving object.

To improve the visual quality, input video must be enhancefoie sending to the dis-
play. Therefore, our goal is to develop hardware-friendhky-complexity enhancement
algorithms. Video quality enhancement methods can bei@dss two main categories.
Single frame methods are the rst category. These methods ganerally low computa-
tional complexity. Multi-frame methods combine infornwatifrom more than one frame

and require the motion information of objects in the scengotso.

1.1 Single Frame Methods

We rst concentrate on the contrast-enhancement problemadnyg both global (frame-
wise) and local information derived from the image. Globahtrast-enhancement tech-
niques mostly make use of the histogram equalization metiwd also use the image
histogram and present a regularization-based histograai cation method to avoid prob-

lems that are often created by histogram equalization.



Next, we design a compression artifact reduction algorithat reduces ringing arti-
facts, which is disturbing especially on large displaysded sources are usually stored
in a digital medium and ster from compression artifacts. With the increasing use of
high-de nition television (HDTV), which uses compressionits storage and transmis-
sion systems, dealing with compression artifacts will beeeessity for a pleasing visual
experience.

Furthermore, to remove the blurriness in the original videopresent a non-iterative
di usion-based sharpening algorithm, which enhances edgesinging-aware fashion.
The di usion-based technique works on gradient approximatiomsrniaighborhood indi-
vidually. This gives more freedom compared to modulatirghigh-pass Iter output that

is used to sharpen the edges.

1.2 Motion Estimation for Multi-frame methods

Motion estimation enables applications such as motionpsarsated noise reduction, frame-
rate conversion, de-interlacing, compression, and stgsstution p. Compression is
only concerned about the residual error and motion-veatding to achieve the highest
compression ratio possible. However, enhancement agiplisasuch as noise reduction,
frame-rate conversion, and de-interlacing reqtrue motion of image pixels.

Motion estimation is an ill-posed problem and thereforeunezs the use of prior knowl-
edge on motion of objects. Objects have inertia and are lydaeder then pixels or a block
of pixels in size, which creates spatio-temporal correfati

We design a method that uses temporal redundancy to improviemwector search
by choosing bias vectors from the previous frame and adaptpenalizes deviations from
the bias vectors. This increases the robustness of the mredictor search when there are
low-detailed regions, repeating patterns, rotations,audlisions.

Compared to the temporal correlation in the motion-vectddsethe spatial correlation

is more reliable because temporal correlation isdalilt to use when the objects move fast



or accelerate in time, or have small sizes. Spatial smosthigenot valid across motion
boundaries. We investigate using energy minimization fotiom estimation and incorpo-
rate the spatial smoothness prior into the energy. By fortimglahe energy minimization
iterations for each motion vector as the primal problem, @asthat the dual problem is
motion segmentation for that speci ¢ motion vector. Thigmmnation from the dual prob-
lem is used to reliably enforce smoothness prior even una¢iomboundaries. We also
study simpli cations to reduce computational complexiéyd heuristics for fast conver-

gence.



CHAPTER 2

A HISTOGRAM MODIFICATION FRAMEWORK FOR IMAGE
CONTRAST ENHANCEMENT

2.1 Introduction

Contrast enhancement has a crucial role in image procesppigations such as mili-
tary, medical image analysis, and object recognition. @tae several reasons for an
imagévideo to have poor contrast: the quality, settings, andtéitiuns of the used imag-
ing device, expertise of the operator, and the externalitond at the time of acquisition.
These reasons result in under-utilization of theeed dynamic range. As a result, such
images and videos typically do not reveal all the detailshef taptured scene, and may
have a washed-out and unnatural look. Contrast enhanceargetd to eliminate these
problems and as a result is one of the most common image ezrant techniques used
in image processing and computer vision. Contrast enhamteismi€ommonly used in
digital photography, medical imaging, remote sensing, saidnti ¢ visualization to ob-
tain a more visually-pleasing or informative image or botlgpical viewers describe the
enhanced images as if a curtain of fog has been removed frepicture p).

Several contrast enhancement techniques have been ot ttuimprove the contrast
of an image. These techniques can be broadly categorizedwot groups: directd, 7]
and indirect methods8[ 9]. Direct methods de ne a contrast measure and try to improve
it. Indirect methods, on the other hand, improve the conhttasugh utilizing the under
utilized regions of the dynamic range without de ning a specontrast term. Most of
the methods in literature fall into the second group. Intdimethods can further be di-
vided into several subgroups: (i) techniques that decomposimage into high and low
frequency signals for manipulation, e.g., homomorphierihg [L0], (ii) histogram mod-
i cation techniques 11, 12, 13 14, 15, 16, 17, 18, 19, 20, 21], and (iii) transform-based

techniques 22, 23, 24, 25, 26]. Out of these three subgroups, the second group received



the most attention due to its straightforward and intuithmplementation qualities.

Contrast enhancement techniques in the second subgrougynttoelimage through
some pixel mapping such that the histogram of the processadd is more uniform than
that of the original image. Techniques in this subgroupegidnhance the contrast globally
or locally. If a single mapping derived from the image is usigeh it is a global method;
if neighborhood of each pixel is used to obtain a local magpimction then it is a local
method. Using a single global mapping derived from the imagis histogram cannot
enhance the local contrast. However, if local informatianrsas local histogram is used
for histogram equalization, local contrast will also be @amted 4, 17]. Local histogram
is computed using a sub-image around the current pixel. Apmags derived from the
local histogram which is used to map the current pixel'snsty. The method presented
in this paper is demonstrated as a global contrast enhamt€@®€EE) method, and can be
extended to local contrast enhancement (LCE) using sinplarcaches.

One of the most popular GCE techniques is histogram equaliz@tE). HE is an
e ective technique to transform a narrow histogram by spreptlie intensity clusters in
the histogram27, 28], and it is adaptive since it is based on the histogram of argimnage.
However, HE without any regularization can cause extremai icestions on the histogram,
i.e., considerably changing the input image and resultirgni unnatural look.

Methods for limiting the level of enhancement of an imagegiagen proposed, most of
which are obtained through modi cations on HE. Bi-histograqualization was proposed
to reduce mean brightness changé&][ HE produces images with mean intensity that is
approximately in the middle of the dynamic range. To avoid,ttwo separate histograms
from the same image are created and equalized independEmdyrst is the histogram of
intensities that are smaller than the mean intensity, tbergkis the histogram of intensities
that are bigger than the mean intensity. A similar methotedadqual area dualistic sub-
image histogram equalization (DSIHE) was proposed in wthieitwo separate histograms

were created using the median intensity instead of the meansity [L2]. Although they



perform better than HE, these two techniques can not adjadetel of enhancement and
are not robust to noise which becomes a problem when theghgstohas high bins. Also,
it should be noted that preserving the brightness does nalyipreservation of natural-
ness. One method to deal with high histogram bins is low-pi@ssg the histogram [L3].
Another method proposes modifying the “cumulation functiof the histogram to adjust
the level of enhancement4], but is still sensitive to problems created by high hissrgr
bins.

There are also unconventional approaches to the histoges®d contrast enhancement
problem L5, 16]. Gray-level grouping (GLG) is such an algorithm that grsigstogram
bins and then redistributes these groups iterativég]. [ Although GLG can adjust the
level of enhancement and is robust to high histogram biris,rtainly designed for still
images. Since gray-level grouping makes hard decisionsaumpgg histogram bins, and
redistributing the bins depends on the grouping, mean tmégs intensity in an image
sequence can abruptly change in the same scene. This catlssing which is one of the
most annoying problems in video enhancement. Althoughtas&sion of the algorithm
is available, GLG's computational complexity is high for st@applications.

Contrast enhancement techniques in the rst and third sulpgrase multi-scale anal-
ysis to decompose the image into drent bands and enhance desired global and local
frequencies0, 22, 23, 24, 25, 26, 29, 30, 31]. These techniques are computationally com-
plex but enable global and local contrast enhancement ataime time by enhancing the
appropriate scales. In addition, they have limitations amednot fully automatic.

The aforementioned contrast enhancement techniquesipesfell on some images but
they can create problems when a sequence of images is edhanaehen the histogram
has high bins, or when a natural looking enhanced imagedasigtrequired. Computational
complexity becomes an important issue when the goal is tig@scontrast enhancement
algorithm for consumer products such as Television. Intaaidiconsumer electronics re-

quire the method to be controllable. The proposed framewgoss the properties of the



enhancement mapping x], for a natural looking enhancement and presents the eehanc
ment problem as a regularized histogram approximationlgnolbo handle issues arising
from un-regularized histogram equalization. The propo®gpllarization terms are for
adjusting the level of enhancement, noise robustness,laoklwhite stretching. The com-
putational complexities of the regularization terms asedssed and a low-computational
complexity algorithm handling the mentioned problems aisded with HE is presented.

In the next section, contrast enhancement is explained. etic@ Ill, the contrast
enhancement using the proposed framework is explained rmogrgssive manner. Then,
the low-complexity proposed method is presented in Sedtbrsimulation results and

discussion is presented in Section V. Finally, conclussoprovided in Section VI.

2.2 Contrast Enhancement

Histogram-based contrast enhancement techniques tié&zenage histogram to obtain
a single-indexed mappin@[x] to modify intensities of image pixels. In HE and other
histogram-based methods, mapping function is obtained the histogram or its modi ed
histogram, respectively2[/]. HE nds a mapping to obtain an image with a histogram
that is as close as possible to a uniform distribution to/faitploit the dynamic range. A
histogram h[n], can be thought of as an un-normalized discrete probghiiass function
of the pixel intensities. The normalized histogrghk] of an image gives the approximate
probability density function (pdf) of its pixel intensiie Then, the approximate cumulative
distribution function (cdf)c[K], is obtained fromp[k]. The mapping function is a scaled
version of this cdf. HE uses the image histogram to obtaimtapping function; whereas,
other histogram-based methods obtain the mapping functiaghe modi ed histogram.
The mapping function in the discrete form is

X
T[X] = EZB p[K] + o:sz; (2.1)

k=0

whereB is the number of bits used to represent gray levels. Althabghistogram of the

processed image will be as uniform as possible, it may noxbetly uniform because of



the discrete nature of the pixel intensities.

It is also possible to enhance the contrast without usindhisiegram. Oldest tricks
used in consumer-grade TV sets are black stretching ane stigtching, which are very
simple but e ective techniques]. Black stretching makes dark pixels darker, while white
stretching makes bright pixels brighter. This producesamatural looking black and white
regions; hence, enhances the contrast of the image. Liteak &dnd white stretching can

8
%x S (x<b)

be achieved by

TIX = 5q[x] (b x w (2.2)

Xmaxt (X W) sy (W X)
whereb is the maximum intensity to be stretched to black and the minimum intensity
to be stretched to whitg[ x] is any function mapping the intensities in between, and,

are black and white stretching factors both of which aretleas one.

2.3 Histogram Regularization

To fully exploit the available dynamic range, HE tries toateea uniformly distributed out-
put histogram by using a cumulated histogram as its mappinction. However, HE often
produces overly enhanced unnatural looking images. THagmowith HE rises from large
derivatives ofT. To deal with this, the input histogram must be modi ed withgiving up
on its contrast enhancement potential. The modi ed histogcan then be accumulated to
map input pixels to output pixels, similar to HE.

It is important to note that when the input distribution igealdy a uniform distribution,
the mapping obtained from cumulating the input distriboiii®T (X) = X. Hence to lessen
the level of enhancement that would be obtained by HE, thatihgstogramh can be
modi ed to f in such a way that it isloserto a uniformly distributed histogramn.

The modi ed histogram can be seen as a regularized approximaf the input his-

togram. The goal is to nd a modi ed histografnthat is as close as desireditpand also



Figure 2.1. (a) Original image, (b) enhanced image with = 0, (c) enhanced image with = 1, (d)
enhanced image with = 2

make the residudl h small. This modi ed histogram will be used to obtain the maygp
function using 2.1). This is a convex bi-criterion problem, and can be formedaas a

weighted sum of the two objectives as
minjih hjj+ jh  ujj (2.3)

whereh, h, andu 2 R®¢ 1 and is a problem parameter. Asvaries over (1) the
solution of @.3) traces out the optimal trade-a@urve between the two objectives. HE ob-
tained by the minimum value of correspond to the standard HE, and the maximum value
of corresponds to not applying any equalization. Therefoaeious levels of contrast

enhancement can be achieved by varying

10



2.3.1 Adjustable Histogram Equalization
An analytical solution toZ.3) can be obtained when the squared sum of the Euclidean
norm is used, i.e.,

minjii  hip" + jih i’ (2.4)
which results in the quadratic optimization problem:

minh h)"(h h)y+ (A w'h u): (2.5)

The analytical solution to this problem is

h+ u

h= i

(2.6)

The modi ed histogramh turns out to be a weighted averagetoéndu. By varying
the weight , various levels of enhancement can be achieved.

An example image and enhanced image using modi ed histogrqualization with
three di erent values (0, 1, 2) are shown in Fig.1. When is zero, the modied
histogram is equal to the input histogram, hence, the stdrtd& is applied. The resulting
image is over-enhanced, with many unnatural details on dloe @nd loss of all details on
the doorknob. When is increased to one, the regularization term comes intolaxtand
the enhanced image looks more like the original image. FoR, the level of enhancement
is further decreased and the details on the doorknob are keptg. 2.2(a) the mappings
for the three values are given. With increasingthe mapping becomes more like a
line with a slope of one, which is a mapping that does not caahg input image. The
xed point observed around intensity value of 76 is a repellixed point'. Although
the level of enhancement is decreased with increasjrige slope of the mapping at the
xed point, x , is still big. The slope of the mappind,(x ), as discussed in Theored?
determines the speed that the intensities in the enhanagkimove away from the xed
point. This becomes an important issue especially in imagéssmooth background in

which intensity di erences in neighboring pixels look like noise.

11



250

Original
35K Modified
Uniform

200

150 - 25¢

100
15

os| A
A T

N s AL ‘ . - :
0 50 100 150 200 250

(@) (b)

501
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UYARI UYARI UYARI UYARI
DVD formatindaki bu film ve igindeki DVD formatindaki bu film ve icindeki DVD formatindaki bu film ve icindeki DVD formatindaki bu film ve igindeki
diger eserler umuma acik olmayan didier eserler umuma acik olmayan dider eserler umuma acik olmayan dig
(@) (b) (d)
Figure 2.3. (a) Original image, (b) enhanced image with = 0; = 1, (c) enhanced image with

=0; =3, (d)enhancedimage with =1000 =1

The problem of largd (x ) arises from outliers in the input histogram. The original
histogram given in Fig2.2(b)exhibits large bins and the modi ed histogram has also large
bins for the corresponding intensities. This outlier sivigy is observed becausg norm
assigns large penalty to large residuals and thereford re@host to outliers. To remedy this
problem, ; norm can be used for the histogram approximation term in kjective while

"> norm is still used for the regularization term. Hence, thabpegm in @.4) is changed to
minjfi  hji+ A il (2.7)
To transform this mixed norm problem into a constrained ga@cprogramming prob-

lem, the rstterm can be expressed as a sum of auxiliary b

mint"1+ (h u)T(h u)

IPlease see ??? for a detailed discussion of replimgctive xed points.
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subject to

t (h h) t

wheret 2 R?®® 1 and represents the auxiliary variafleand1 2 R*®° ! is a vector of
ones. However, this constrained quadratic programmingleno has high computational
complexity since there are 512 optimization variables.

Another way to deal with the outliers in the input histograsa use one more regu-
larization term to measure the smoothnes$ ofvhich reduces the modi ed histogram's

sensitivity to outliers.

2.3.2 Histogram Smoothing

To avoid outliers that leads to strong repelling xed pojrasmoothness constraint can be
added to the objective. The gradient approximation of tisgogram, i.e.h[i] h[i 1],
can be used to measure its smoothness. A smooth modi edjnéstowill tend to have less
outliers since outliers are essentially abrupt changdsarmistogram.

The gradient matrixD 2 R?®® 2°¢js bidiagonal

0O O Oh

0O 0 O
D= :

1 1 0

0 1 15

With the additional regularization term for smoothness,dptimal trade-o is obtained
by minimizing

minjih  hiZ+ jih ujz+ jiDhig; (2.8)

2 symbol denotes vecttmomponentwise inequality.
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The solution of this three-criterion problem is
h=(1+ )I+ D'D) ‘(th+ u): (2.9)

While (2.6) nds a weighted average df andu, (2.9) further smoothes this weighted
average to avoid outliers. It is possible to show that thé tesm in 2.9), that is,S * =
(@+ )+ D'D) lisin fact a low-pass Itering operation on the averageddusam by

explicitly writing S= ((1+ )I+ D'D)as

2 +(1+ ) 2 0 0 ]
T 4 +(1+ ) 2 0
S= (2.10)
0 2 4 +(1+ ) 2
As can be clearly seef§, is a tridiagonal matrix.
Then, from B2], S !is given by
SYi;j) = k @)Y I( V§561i it e, \/356“ i
+Cg (Vi vp)POT (2.11)

wherek, c;, ¢, andcs are constants, and andv;, are the eigenvalues of the 22 matrix

E4 +(1+ ) 422_
1 0 %

which always have positive eigenvalues.

It can be seen fron?(11) that each row o6 !is a zero-phase low-pass Iter. Hence, a
regularization term for smoothness corresponds to love-fi&sing the original histogram.
This explains heuristic histogram low-pass Itering apgcbes investigated in literature as
in[13].

To illustrate the performance of histogram smoothing, thage given in Fig2.3(a)
which is captured from a compressed video stream is enharsieg adjustable histogram

equalization with and without histogram smoothing. Both Bi§(b)and Fig.2.3(c)adjusts

14



the level of enhancement with= 1 and = 3, respectively. After enhancement, both of
them are corrupted with artifacts that are observed as Igeaix noise around the text.
These artifacts arise from the strong repelling xed pomthe mapping created by the
outlier bins of the original histogram. The ringing artifgixels that have intensities less
than the background pixels are mapped to much darker itiensHistogram smoothing
with = 1000 solves this problem as can be seen in Zig(d) The mappings for the
corresponding enhanced images are given in Ed). T(x) at the outlier bin intensity has
been successfully decreased with histogram smoothing.

Although histogram smoothing is successful in avoidindieuhistogram bins, it has a
shortcoming. For a real-time implementatiBn' has to be computed for each image as
needs to be adjusted depending on the magnitude of therduiiegram bins. Even though
there are fast algorithms for inverting tridiagonal magscequiring onlyO(7n) arithmetic
operations 7] as opposed t@®(n=3), it is still unacceptable because of the application at
hand. This renders the algorithm not hardware implemeatalvistead of using2(9), a
low-pass ltering on the histogram can also be performed. tBetnumber of taps and
the transfer function must also be adaptive similar to thenfgiven in @.11) for S 1.
Another approach that is less computationally complex isstoa weighted error norm for

the approximation errdn  h, which is to be described next.

2.3.3 Weighted Histogram Approximation

Histogram outliers occur because of the existence of lauyeber of pixels with exactly
the same intensity values compared to neighboring intemalties. This condition makes
the derivative of the mapping at that intensity also largeis Tesults in mapping of a very
narrow range of pixel values to a wider range of pixel valuésnce, it causes contouring
and grainy noise type artifacts in uniform regions. Largmbar of pixels with exactly the
same intensity are due to big smooth areas in the image. Hemeasuring the average
local variance of all pixels with the same intensity can bedu® weight the approximation

error,h h. Histogram approximation error at the corresponding bihlvei weighted with
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Figure 2.4.Mappings for the enhanced images given in Figure 2.3

a small weight. Therefore, the modi ed histogram bin wilttiollow the input histogram's
outlier bin to minimize the approximation error. The objeetfunction with the weighted

approximation error is
minh h)'wW@h h+ (h w'(h u): (2.12)

whereW 2 R?6 256 js a diagonal error weight matrix, ail(i; i) measures average local

variance of pixels with intensity The solution of2.12) is
h=W+ 1) {Wh + u) (2.13)

and it is computationally simpler thaB.9). Since the rstterm is a diagonal matrix, taking
matrix inverse is avoided, i.e., simple division operai®nsed to nd its inverse.

Fig. 2.5 shows the weighted histogram approximation and histognamoshing for
comparison. The grain noise type artifact pixels aroundéexeis avoided in both meth-
ods. The mappings for the two methods is given in Bi§. The derivative of the mapping
corresponding to smooth background pixels has further beguced. However, the map-
ping is not as smooth as histogram smoothing since no snmaptkiperformed on the

modi ed histogram.

2.3.4 Black and White Stretching
Black and white (B&W) stretching is one of the oldest image egkarent techniques

used in Television sets. B&W stretching maps predetermiragll dnd bright intensities
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Figure 2.6.Mappings for the enhanced images given in Figure 2.5

to darker and brighter intensities, respectively. To ipooate B&W stretching into his-
togram modi cation, where the intensity range for B&W sti@trg is [0, b] and [w; 255]
respectively, the modi ed histogrammust have small bins for the corresponding intensity
ranges. Since the length of the histogram bins determimesahtrast between the mapped
intensities, by decreasing the histogram bin length fobJ[@nd [w; 255], the mapping ob-
tained by accumulating the modi ed histogram will have a Beralerivative for these two
intensity ranges.

An additional regularization term for B&W stretching can lakad to one of the ob-
jective functions presented in previous subsections,(@djustable histogram equalization

equation given inZ.5))
minh h)"(h h)+ (A uw'(h u+ hTI%hH; (2.14)

wherelB is a diagonal matrix.I8(i;i) = 1 fori 2 f[0;b] [ [w;255]g and the remaining
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Figure 2.7. (a) Original image, (b) enhanced image with = 1000 = 1, (c) enhanced image with
=100 =1; =5, (d) mappings for the two images
diagonal elements are zero. The solution to this minimaragroblem is

h= @+ )+ 1B "(h+ u): (2.15)

In Fig. 2.7, histogram smoothing with and without B&W stretching is giv&Vith the
more natural look of the black and white in the image, the r@stthas greatly improved.
Black stretch intensity range is;[R0] and white stretch intensity range is [2@65] with
setto 5. The mapping as given in F&y7(d)clearly shows B&W stretching and the smooth

transition to non-stretching region.

2.4 A Low-complexity Histogram Modi cation Algorithm

In this section a low-complexity histogram modi cation alithm is presented. The low-
complexity algorithm deals with histogram outliers, penfig B&W stretching, and adjusts
the level of enhancement adaptively so that the dynamicramgaximally utilized without
amplifying the noise visibility and degrading the natu@k of the image. The proposed
algorithm does not perform any division operation.

Using histogram smoothing or weighted histogram approkonas computationally
complex when considering the scarce memory and area resour¢he hardware. His-
togram smoothing requires either solvir®y9) or explicit low-pass Itering with adaptive
Iter length and transfer function. On the other hand, wegghapproximation with solution

given in .13 requires division operation.
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2.4.1 Histogram Creation

To deal with histogram outliers in a simple way, instead obsthing or weighting the
input histogram, the way of obtaining the input histogram loa modi ed. Since histogram
outliers are created because of large number of pixels #hat the same intensity, these
pixels almost always come from smooth areas in the imagen Ewbey do not, it will
not be a problem because grainy noise type artifacts areleigi smooth areas. Hence,
histogram creation can be modi ed by counting pixels thatehsome level of contrast with
their neighbors. This way, a histogram can be regarded axeete conditional probability
h[x] = p(xjcontras), i.e.,h[X] is the estimated probability of a pixel having intensitiven
that it has a contrast with its neighbors. Performing histiogequalization op(xjcontras)
instead ofp(x), will enhance the contrast but not the noise since the dimeange is best
utilized for pixels that have some level of contrast withitmeighbors.

To obtain the histogram, the local variation of each pixellba used to decide if a pixel
has su cient contrast with its neighbors. One eient way of achieving this for hardware
simplicity is to use a horizontal variation measure by tgkadvantage of the row-wise
pixel processing architecture, which is available in comm@eo processing hardware.
A horizontal one-lagged derence operation is a high-pass lIter, which will also measu
noise. On the other hand, a horizontal two-laggedcedence operation is a band-pass lter
which will not pass high-frequency noise signals. Histogia created using pixels with
a two-lagged dierence that has a magnitude larger than a given thressi@dy(5, 6, .

The number of pixels included in the histogram is also cadinte

2.4.2 Adjusting The Level Of Enhancement

As described in SectioR.3.], it is possible to adjust the level of histogram equalizato
achieve natural looking enhanced images. The modi ed grsim is a weighted average
of the input histogranm and the uniform histogram, as given in 2.6). The contribution
of the input histogram in the modi ed histogram is= 1% The level of histogram equal-

ization should be adjusted depending on the input imageitrast. Low contrast images
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Figure 2.8.(a) Original image, (b) HE image, (c) WTHE image, (d) proposedlgorithm

have narrow histograms and with histogram equalizationazoing and noise can be cre-
ated. Therefore, is computed to measure the input contrast using the aggegatputs
of horizontal two-lagged dierence operatiorsfep 4. Afterwards, is non-linearly mod-
ulated and normalized to the range 1D (step 1). To ensure thah andu have the same
normalizationu is obtained using the number of pixels that are included énhilstogram
(step 12. unin is used to ensure that very low bin regions of the histogralmwi result in
very low slope in the mapping function; it will increase thepe in these regions, resulting
in increased-utilization of dynamic range.

B&W stretching is performed usin@(15 (step 13. Parameter®y, w, and can be
adapted with the image contemtandw is usually derived from the histogram as the min-
imum and maximum intensities. For noise robustnestiould be chosen as the minimum

intensity that is bigger than some prede ned number of gixatensitiesw can be chosen
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Figure 2.9.(a) Original image, (b) HE image, (c) WTHE image, (d) proposedlgorithm

similarly. Itis a good practice to impose limits brandw. The stretching parameter should
also be adapted with image content. For dark images whétking can be favored, while
for bright images black stretching can be favorednay also depend on the input image's

contrast.

2.5 Results and Discussion

Proposed algorithm has been successfully tested on ayafiest images and video se-
guences. A few of the results are shown in this paper. Z8and Fig.2.9show the original
test images and their corresponding contrast enhancengrsrheir mapping functions
are shown in Fig2.10(a)and Fig.2.10(a) respectively. The proposed algorithm is com-
pared with a recent state-of-the-art global contrast ecdraent algorithm in literature,

known as weighted thresholded HE (WTHE), presentedL8}, [in which they compare
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Algorithm 1: GCE Histogram Modi cation Algorithm
Input: Inputimage:f,
B&W stretch parameterds, w, and
Output: Modi ed histogram:h
Initialize ;
foreachrow mdo
foreach column ndo
= +jffmn]  flmn 2]
if jf[m;n] f[m;n 2]j > Thresholdthen
++ h[ f[m; n]];
++count
end
end
10 end
11 Normalize ;
12 U= minfcount256; Uning
13 foreachbinido
14 if b<i<wthen

© 00 N O o B~ W N B

15 hlil=(@ )u+ Hi];

16 else

17 hlil = 2[@  )u+ hi];
18 end

19 end

it against the algorithms presented Ii] 19, 20] and show their algorithm's superiority.
Both WTHE and our proposed method show similar visual qualitymany of the images
we tested. However, that is not always the case. Hence, sriagkided in this paper are
selected among the ones that causestént visual quality.

Histogram equalized images result in the best utilizatibthe dynamic range of the
pixel values for maximum contrast. However, this often dogsmean the resulting image
is better in terms of visual quality. This situation is aldserved with images in Fig@.8(b)
and Fig.2.9(b) Undesired artifacts become more prominent, and ampli @aire of noise
degrades the quality of the image resulting in an unnatoald.|WTHE and the proposed
algorithm on the other hand ers a controllability of the contrast enhancement. Sinee th
histogram of the proposed algorithm is formed from the cooial probability, it does not

have very high bins resulting from uniform regions; henbe, pfroposed method does not
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produce artifacts as HE and WTHE, which are caused by havgigltins that cause high
slope in the mapping function. Even though WTHE thresholds Iin values to prevent
its undesired eect, it does not produce as pleasing results as the propggedtlan does.
One other situation HE and WTHE introduces artifacts whendyr@amic range of the
original image is shrunk from either one or both ends. Inegittase, the resulting image
is either darkened anat brightened more than necessary. The proposed algorithm,
the other hand, avoids this situation through the use ofngixif conditional histogram
anduni, as explained in line 14-18 of the Algorithfn By modifying the histogram, the
proposed method improves the natural-look of the imagetanhally compared to HE and
WTHE.

Fig. 2.8(b) is the histogram equalized image &.8(a) The contrast of the image
is maximized at the expense of the ampli ed noise, and imatjgaets. The resulting
artifacts are mostly in the darker regions, which is alsalest from Fig.2.10(a) Darker
regions become darker, and very bright region gets evehtergW THE reduces the ect
of HE. However, the resulting image still has some avor of :Hibdies of two people,
and the trees are still darker and the resulting imageZ&(c)is not as visually pleasing
as Fig.2.8(d) As can be clearly seen, the mapping function in the regionraad 175 has
a very steep curve resulting in a stretching of a very narregvon into a wider region;
range of [150-180] is getting mapped to [60-180]. Theselpiakies are mostly due to the
sand and some part of the sea. The pixel values of the two adeearound 60 and the
pixel values of the trees are around 40. The mapping funstionboth HE and WTHE
are mapping these values into darker pixel values. Thisusexby the histogram of the
original image having very few pixel values below 40. Howewethe proposed algorithm
this situation is prevented by lling very low bins adaptiyewith un, as illustrated in
Algorithm 1. Hence, the contrast enhanced image obtained by the prbmosthod is
visually more pleasing than HE and WTHE.

Fig. 2.9(b)is the histogram equalized image @&9(a) HE image, again, looks very
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unnatural. Especially, the dominance of the sky regionltesu a very big slope in the
mapping function around the pixel value of 250, which resiitmapping of range [250-
256] into [150-256]. Unnatural look of the HE image is lessgising WTHE. However,
it is not alleviated completely. Graininess in the sky slist in the regions close to the
plane. The proposed algorithm, on the other hand, produge®a visual quality result;
there is no graininess in the sky and the contrast of the gsaissproved compared to
HE and WTHE result. The success of the proposed method inytpes af images is,
again, due to the use of the conditional histogram. Big unifaggions in an image cause
corresponding bins in the histogram to be very high compé&veather bins. However,
conditional histogram avoids having very high bins. Thiatéee is controlled adaptively
by the variable in the algorithm. If an image contains large smooth regitmes the e ect
of histogram is lessened so that the resulting image preseine smoothness and does not
introduce visual artifacts. On the other hand, if there iglominant smooth region in an

image, then the esct of is increased to increase the contrast.
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Figure 2.10. (a) mappings of Fig 2.8, (b) mappings of Fig 2.9. Solid line ulicates the HE mapping,
dashed line indicates the WTHE mapping, dash-dotted line initates the proposed method, and the
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2.6 Conclusions

A general framework for image contrast enhancement is ptedeand a low-complexity
algorithm suitable for video display applications is prepd. The presented framework
enables the adjustment of contrast enhancement througfutaidesigned regularization
terms. Hence, the contrast of the imAggeo can be improved without introducing visual
artifacts that decrease the visual quality of an image andecd to have an unnatural look.

To obtain a real-time implementable and low-complexityoaiitnm, the proposed method
avoids cumbersome calculations and bandwidth consumiagatipns. The experimental
results show the esctiveness of the algorithm in comparison to other congasiance-
ment algorithms. Obtained images are visually pleasirtgaat free, and natural looking.
A very important feature of the proposed algorithm is thaloiés not introduce ickering,
which is very important for video applications.

The proposed method is very powerful in terms of being cdiatote, and adaptive
to di erent images. It cers a level of controllability, and adaptivity through whiall
di erent levels of contrast enhancement between full contrdsancement, i.e., HE, and

no contrast enhancement can be achieved.
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CHAPTER 3

LOCAL CONTRAST ENHANCEMENT USING RECURSIVE
FILTERS

3.1 Introduction

Global contrast-enhancement (GCE) methods target thegors®duch as improper lighting
conditions that manifest themselves in a global fashionth@rother hand, local contrast-
enhancement (LCE) methods target the visibility of locabdetin the image. Since both
methods produce images with higher contrast, the enhancageis generally look more
appealing than their corresponding originals.

Two well-known local-contrast enhancement methods arptadehistogram equaliza-
tion (AHE) [33] and adaptive contrast enhancement (ACEJ[35]. AHE algorithms nd
local mappings using local histograms. Although AHE im@®\ontrast, its computa-
tional complexity may not be acceptable for real-time aggilons. A bi-linear interpola-
tion technique is presented iB83] for a block-based AHE. Another disadvantage of the
AHE methods is that they often over-enhance the image byingeso-calledcontrast ob-
jectsthat were not visible in the original image. The enhancedyenaften does not look
natural fL4].

ACE methods consist of two main steps: (i) low-pass lteririghe image and (ii) en-
hancing the details by utilizing the low-pass ltered imageeserving the edges is critical
since the human visual system is sensitive to ed86 [Increasing the contrast around
edges without degrading the edge quality improves visybdnd produces better looking
images. Low-pass ltering of the images is done using eithiee impulse response (FIR)
or in nite impulse response (IIR) Iters. FIR lters have baedound to be more acceptable
than IIR lters because of their easier implementation aaddiing. Also, stability is not an

issue for FIR lters. IIR Iters are more di cult than FIR Iters to understand and handle,

INote that throughout this work, we use the terms IIR and siearexchangeably.
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and their stability is not guaranteed. Since the fundanhéataof algebra applies only to
one-variable polynomials and cannot be applied to multiabde polynomials, analyzing
stability is much harder, if notimpossible for 2-D IIR Iteyr[37][38]. A low-pass IIR lIter
has to be zero-phase, but it is impossible to design a zeasephter with a single recursive
Iter. However, zero-phase can be achieved by adbmgtiplying a recursive Iter with
its complex conjugate. Our Iters are rst-order recursiviers, which are discussed in

Section3.2

3.2 Adaptive Contrast Enhancement

In conventional ACE algorithms the enhanced img@®; n) is obtained from the input

imagef(m;n) as
y(m;n) = g(mn) + [1+ (myn)][ f(m;n) g(m;n)]; (3.1)

whereg(m; n) is the local mean, (m; n) is the enhancement gaim,is the row number, and
nis the column number.

Our lter nds the local mean by averaging two opposite ditiea recursive lters. For
the 1-D case our recursive lters operate on a line, wherea2fD Iters they operate
on the entire image. The gain function is designed to supprese visibility in smooth

regions. We use a gain function designed in our previous 88k

3.2.1 1-D Recursive Filter
The local mearg(m; n) at rowmand columm is the output of the recursive Iter, which is

the average of two dierent lIter outputs given by

QWWMZQMWL (3.2)

g(m;n) =

whereg®(m;n) andg (m;n) are the outputs of the two opposite direction Iters thath ru
horizontally on a single row. The rst Iter runs from left taght and is referred to as the

forward running Iter. The second lter runs from right tofteand is, similarly, referred
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to as the backward running lter. From this point forward, wél refer to them as the
forward and backward lters, respectively. The two Itereeasingle pole IIR lters at any

given pixel location. The input-output relationship foetforward Iteredg®(m;n) is
g’ (mn)= (mng'(mn 1)+[1 (Mmn)]f(mn); (3.3)

where (m;n) is the edge adaptive delay coeient. The relationship for the backward

ltered g (m;n) is similarly,
g (mn)= (mng (mn+1)+[1  (mn)]f(mn): (3.4)

. The adaptation of (m; n) to the edge information is crucial for preventing the snhatg
of edges in the un-sharp masked image. Considering tfmtn) is the weight of the
previous output, a strongefm; n) increases the low-pass characteristic of the lter. Hence
when an edge is encounteredim; n) must be decreased so that the edge will be preserved
in the output. The edge signdtwe use igge(m;n 1) f(m;n)j for the forward Iter, and
jos(m;n+ 1) f(m;n)jfor the backward Iter. Both of the edge signals are theatences
between the original pixel value and the previous lIter atitpUsing these edge signals,
(m; n) is obtained using

(mn)=e 5 (3.5)

for the forward lIter, and similarly for the backward IterAs can be observed fron3.5),
strong edges reducém; n) more, hence the low-pass characteristic of the Iter iséased.
Typical values are in the range of 0.01 to 0.04.

From 3.3) and @B.4) the frequency response of the forward and backward Itéra a

locality with (m;n) = are given as below

H* (2

(3.6)

IR

H (2 (3.7)

=
N
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Here, we implicitly assume thats for the two lters are equal since ideally edge infor-
mation at the same locality must be the same. Stability oftweetransfer functions is
guaranteed foy j < 1 which is satis ed using3.5).

The z-transform of the local mean lIter on the unit circlengi3.2), (3.6), and 3.7) is

obtained as below
1 Rdzg
1 2 Rdzg+ 2’

H@=@1Q ) (3.8)

which has a zero phase. Thus, the 1-D local mean Iter apploedwise and given by
(3.2) does not shift the input signal.
It is worthwhile to note that the above 1-D lter for the locadean is an exponential

smoothing Iter with impulse response

h[n] = ke ¢ EMn; (3.9)

wherek = (1 e F). Using the edge sign&, smoothing power of the lters is adapted
spatially. This way with only a single tap for the delayedpuuit di erent levels of smooth-
ing is achieved easily. To attain the same level of smoothengon-recursive Gaussian

Iter would require roughlyN = 4 taps B7].
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Figure 3.1.Transfer functions of the 2-D recursive lters
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3.2.2 2-D Separable Recursive Filter
2-D separable recursive lter is composed from 1-D Itersining in the horizontal and

vertical directions back to back.

H(z;22) = Hx(z)Hy(2)
_ Hi(z)+H(z) Hy(@)+H(2)
= . -

(3.10)

Image is Itered in the horizontal direction rst and thenethesulting image is Itered
in the vertical direction. Sinckl.(z;) andHy(z) are the averages of forward and backward
1-D Iters andH(z) is cascaded tbl,(z,) bounded-input-bounded-output stability is again

satis ed with < 1. The overall transfer function for the 2-D separable li®as below

5z +z) 1 3(2'+2)
1 zH1 az)1 Y1 b2)

Since diagonal frequency components are ltered two timesmgared to horizontal

Hs(z1;22) = (3.11)

and vertical components, the lters transfer function id remtropic as can be seen in
Fig. 3.1(a) This feature of the 2-D separable Iter's transfer functifavors more of the
diagonal frequency components in the detail image. Thesgfampli ed detail image
added back to the un-sharp masked image to produce the exthamagge may cause false
diagonal edges which is most disturbing on the smooth areas.

Next, we look at the 2-D Iter, which recurses on the 4-neighdbto improve the

isotropy of the transfer function.

3.2.3 2-D Filter Using 4-Neighbors

In this case, each of the forward and backward Iters use Zhef4-neighbors for the
recursion. 4-neighbors are the closest neighbors to threrupixel in the horizontal and
vertical directions. Fig3.2(a)shows the 2 neighbor pixels used in the forward recursion,
which are previously outputted. To guarantee zero-phaserig, the overall Iter response

is again averaged from the forward and backward lter owpUtransfer function for the
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forward lter is
1 a b

azll b221’
wherej 5+ pj < 1 for stability [38]. To enable a low-complexity implementation with a

H,(z1;2) = 1 (3.12)
small sized look-up table we tighten the constraint by ug® and normalizing it With%
for both , and ,. Hence, one LUT can be used for both and they can indepeydakd
values without needing to check for stability.

Backward lIter is the complex conjugate of the forward Itenahe unit circle. It uses

the remaining 2 pixels of the 4-neighborhood.

glm—1,n gm—-1,n-1] gim—1,n] g¢gm-1n+1]
|
)\b )\c )\b )‘d
- Aa - Aa
gmn—1 flm,n] glmn—=1  flm,n]
(a) 4-Neighbors case (b) 8-Neighbors case

Figure 3.2.Neighbors used in the forward lters
The overall transfer function is
N S N
Ha(z1;22) = > Hi(z1;,2) + Hy(z1;2) ; (3.13)

which is given in Fig.3.1(b) As expected, transfer function's isotropy have improved

compared to the separable lter.

3.2.4 2-D Filter Using 8-Neighbors

To improve the transfer function further, we include the aammg neighbors in the 8-
neighborhood into the recursion. Hence, all 8-neighbongrdmite to the output. Fig.2(b)
shows the neighbors for the forward lter. Similarly, thiler is also composed of forward

and backward Iters so that the zero-phase condition issati The lIter for the forward
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case is given as

Hq (21, 22) = 3.14
8( 1 2) 1 azll b221 Czllzzl dzlzzl ( )

where the stability condition is for ang = 1
1+a?>b*+c+d?+cdZ+z2) 2(bd+boRezg (3.15)

derived using a simpli ed procedure to check the conditiohidHuang's stability theo-
rem [40]. To avoid having to check this stability condition on eaalaptation of delay
coe cients (i.e. s), we tighten the constraint by using.§) for each and normalize it
with ;11. Hence, one LUT can be used for all four of them and they caegaddently take
values without needing to check for stability.

Backward Iter is the complex conjugate of the forward Itendahe unit circle, and it
uses the remaining 4 neighbors not shown in the gure. Agiie,overall lter response

is the average of both the forward and backward lters.
-
He(z1; ) = > Hg(z1;2) + Hg (215 2) (3.16)

As can be seen from Fi@.1(c) the isotropy of the transfer function is further improved

compared to the earlier cases.

3.2.5 Computational Complexity Analysis
Our 2-D lters becomes more isotropic as we move from 2-D saple to 2-D 8-neighbors
Iter, which improves the visual quality of the enhanced gea Improvement in the visual
quality brings along the increased computational complexi

The delay coe cient ( ) of the IR Iters does not have to be computed each time since
it is determined by3.5) and the edge signal that is input to this function is alwaysded
to an integer between 0 and 255. Hence, fand the enhancement gain one look-up table
(LUT) for each of them can be used. The memory needed for thEsLiE) 256 bytes for
LUT, around 20 bytes for enhancement gain LUT, one frame=dtwr the forward lter's

output and an additional single register for backward '#eutput.
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Number of computations for a pixel in each ltering is dissed below so that the
complexity-visual quality trade-oanalysis can be made. 1-D Iter requires 2 additions
and 1 LUT for Eq.3.1, and 2 multiplication, 4 additions, 1 bit shiftand 1 LUT farévard
and backward lters, totaling 2 multiplications, 6 addit&, 1 bit shift and 2 LUTSs.

2-D separable Iter requires twice of 1-D lIter for calculah of since it is cascade
of 1-D lters in the horizontal and vertical. So, in total 2-8eparable lter requires 4
multiplications, 10 additions, 2 bit shift and 2 LUTSs.

Non-separable 4-neighbors Iter requires 4 multiplicagp8 additions, 1 bit shift and
2 LUTs for forward and backward lIters. Hence, in total it téges 4 multiplications, 10
additions, 1 bit shift and 2 LUTs. Similarly, non-separaBlaeighbors lIter requires 8
multiplications, 18 additions and 2 LUTs.

3.3 Experiment Results

We have tested the images and videos obtained from the mrdplbaring methods on an
94cm LCD TV for visual quality. The pertinent speci cationsthe TV are as follows:
a resolution of 1280768 along with a contrast ratio of 800:1. Some of the obsEmat
presented below are dcult to make from the given gures.

From Fig.3.3(b) we can see that 1-D Iter enhances the horizontal contrastmo-
ticeable on the vertical iron bars of the fence. 2-D separdtdr does vertical contrast
enhancement in addition to the horizontal, which can be seghe horizontal bars of the
fence and shadows of the bus' glass window. Also, the vémrtichancement is evident on
the pink owers. The amount of vertical and horizontal castrenhancement is more with
the 2-D lter that uses 4-neighbors. This is easier to seeherrdck and the vertical wood
column in Fig.3.4(c)compared to Fi@.3(b) The contrast improvement with the 2-D lter
using 8-neighbors is less compared to the improvement dsimgjghbors. However, using
8-neighbors performs better in terms of the enhancemerityjuasmooth regions. This

is because of its transfer function's better isotropy. 8iadl the frequency components
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are treated equally, no component is favored relative tersthHowever, with decreasing

isotropy the transfer function lters out the diagonal fugmcy components more, and thus
the detail image includes more of the diagonal component& uman eye can see this
discrimination of the frequencies especially in smoothaaras false edges and objects in

diagonal directions. This is most evident in the 2-D nonasable Iter as expected.

(a) (b) ©)

(d) (e)
Figure 3.3.(a) First frame of Bus sequence enhanced with dierent lters: (b) Enhanced with 1-D lter,

(c) Enhanced with 2-D separable Iter, (d) Enhanced with 2-D Iter using 4-neighbors, (e) Enhanced
with 2-D Iter using 8-neighbors

3.4 Skin-Aware Local Contrast Enhancement

Human intelligence is highly trained to recognize humar$aand skin. Starting from the
early infancy phases, humans learn to recognize other @ewith their faces41], and
communicate indescribable feelings and thoughts with Erfacial mimics. The human
face is therefore of great interestas Cicero said, evenytlsiim the face. Special care must
be taken for face and skin regions of an image before dispdayfraces in local contrast

enhanced images may sometimes look unnatural althoughretiiens look visually more
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(@) (b) (c)

(d) (e)
Figure 3.4. (a) First frame of Tempete sequence enhanced with derent lters: (b) Enhanced with

1-D lter, (c) Enhanced with 2-D separable lIter, (d) Enhanced with 2-D lter using 4-neighbors, (e)
Enhanced with 2-D Iter using 8-neighbors

attractive than the original. There is a clear need for detgskin and non-skin regions
and applying a lighter level of local contrast enhancemergkin regions, if not some
smoothing.

Pixel-based skin detection algorithms utilize the fact sglan colors are clustered in
the color space4?2, 43, 44]. Although there are small variations with respect to race a
illumination conditions, skin color lies inside a de niteaped color space region (i.e. skin
locus) @5]. Variations on the skin color due to race and lightning dbads are explained
by intensity variations in the chrominance components.r&@foee, color space based skin
color detection methods are robust to lightning conditioAhsother reason to discard the
luminance component is to decrease the computational exitypthrough dimensionality
reduction.

Skin color modeling based skin detection methods have 90&positive, and 20%

false positive rate on average depending on the model asd(fte extent) the color space
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used fi6]. Since our goal is to discriminate skin pixels for a lightevel of enhance-

ment, the true positives compared to the false positiveg@en more importance. To
increase the performance of skin detection algorithmsenmdormation is needed. One
such information is the skin color homogeneity based on sisei@ption that skin regions
in general consist of smooth skin patches. This informaioespecially useful in nudity

detection 7). With the help of the homogeneity assumption true posdie false positive

rates can be improved moderately (e.g. to 96%, and 4.5%ctsgy [44)).

A low-complexity human skin aware local contrast enhanaenisLCE) method is
presented. sLCE utilizes the likelihood of a pixel to be a gkitel in order to modulate
the ampli cation gain of the detail image for local contrasthancement. The skin color
distribution is modeled with a Gaussian distribution onYi@&bCr color space. Contrary to
pixel-based skin detection algorithms that utilize thddh, a soft discrimination between
skin and non-skin pixels by using the skin likelihood is usdthis way, unwanted false
edges caused by false classi cation is prevented. Furtbexnto deal with isolated non-
skin pixels in skin regions (or the opposite), edge infotiorats used to impose correlation
between skin likelihoods of neighboring pixels. Thus, andielihood map consists of
contiguous skin regions corresponding to actual skin regi&xperiment results show that
SLCE produces natural looking face and non-facial skin megjim the enhanced image
while keeping the same level of enhancement on non-skiomegi

Skin color models can be divided into two groups in generarametric and non-
parametric models. Non-parametric models are mainly giato-based models learned
from training data sets. They require memory and may notrgéime depending on the
representativeness of the training set. However, paraametdeling interpolates the train-
ing set and generalizes better. The interpolation is a elg$gature for the objective since

a soft discrimination between skin and non-skin pixels isted.
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3.4.1 Gaussian skin color model
Modeling skin color distribution with a Gaussian model imddoefore in48, 49, 50]. The
joint probability density function of the color vectay,of a pixel given that it is a skin pixel

is de ned as:

p(cjs=1)= ez )T e ), (3.17)

2 J j1=2
wheres = 1 indicates a skin pixel, is mean vector, and is covariance matrix. The

Gaussian parameters estimated4 ffor the YCbCr color space are used

E bg 5108153
= (3.18)
r 15200

2y 5577 5866
= (3.19)
2 5866 8527

br r

Since linear combinations of Gaussian variables are alss$an variables, to nd the
Gaussian parameters for other colorspaces,

such as the YUV for analog composite video, all one needs tis tlo transform the
above estimates using the transformation malrizetween the two colorspaces (i.e. the
transformed estimates afe; T T7).

Using Bayesian formula the posterior probability of a colector to come from a skin
pixel (i.e. the skin likelihood) is

p(Gs = 1)p(s = 1)
p(c)

p(s= 1jc) = (3.20)

The prior probability of skirp(s = 1) will be a constant depending on the type of the image
or video. To save computation, color vectors are assumed tmbiormly distributed on

the color space (i.e. all colors are equally likely wyifc) = ﬁ). Hence,
p(s= 1jc) = k p(cjs= 1): (3.22)

k = 1 is used in the following discussions and the experimeptallts.
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An example image and its skin likelihood map is given in Bd(a)and Fig.3.5(b)
Isolated non-skin pixels in skin regions and skin pixels am+skin regions can be seen.
This is partly due to the Gaussian model's failure (e.g. thie-skin pixels on the face) and
use of the color information only to detect the skin. For egpixels on the edge's of
the shirt have skin color because slow chrominance transiimposed by the composite
analog video broadcast standards (e.g. NTSC, PAL) cause lfargge artifacts and in
this case the hue changes from shirt's red color to skin aofothe edges. To deal with
the Gaussian model's failure, the edge information is useiinpose spatial correlation
between the skin likelihoods.

As described in SectioB.2.1, of the recursive LCE lter (a number between 0 and 1)
is updated with the edge information usirgyd) such that lambda decreases with the edge
strength. To deal with isolated skin likelihoods (SLs), ghkén likelihood is correlated in a
locality with a recursive estimation that adapts the amafimrrelation according to the
edge strength. No correlation across the edges is imposed.

Since is between 0 and 1, the probability of edge is assumed fgbe= 1) = (1 );
then, the probability of no edge {E = 0) = . Then, SL in a localityp(s = 1), can be

written in terms of its conditional probabilities:
p"(s=1) = p*’(s= L4E = O)p(E = 0) + p(s = Ljc)p(E = 1); (3:22)

wherep™"is the updated local SL using the old local Si°'t) and current pixel's SL. In
other words, the old local SL is used if there is no edge anceatpixel's SL is used if
there is an edge. To decrease the estimation variance cd¢he3L, a weighted average

using the current pixel's SL is calculated as
pod = gaﬂd + %p(s= 1jo): (3.23)
Substituting 8.23 and edge probabilities irB(22 gives

ANEW —
p =

pod + (1 5—73 )p(s = 1jc): (3.24)

ool
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An example map for the correlated skin likelihood is giverkig. 3.5(c)

Using this skin likelihood, the enhancement gain can be raveld so that a skin pixel
will be enhanced less than a non-skin pixel. This way, thenaatook of the face can be
preserved while other parts of the image are enhanced. Tddsilation can be done using

the updated local SLp{™") (3.24) in (3.1) as below

ymn) = (mn)+[1+ (1 p*)g(m;n)]

[x(m;n)  (m;n)]: (3.25)

Thus, ampli cation of the local detail will decrease witls iskin likelihood. Other
modulation functions can also be used such as the squar®fraatn likelihood if less
amount of skin enhancement is desired. Furthermore, fottarb@sual quality one can
smoothen skin regions by contracting the deviation fronaldeminance mean instead of
amplifying it with a gain. This can simply be done by making thain negative for highly

likely skin regions as below

nNew
p

y(mn) = (mn)+[1+ g(m; n)]

[x(m;n)  (m;n)]: (3.26)

where the used gain modulation functidrl—) is negative fop™" > kand 1 forpg™" = 0.

3.4.2 Experiment Results for Human Skin

Video captured from an NTSC broadcast is used for performavaluation. Fig3.5(c)
shows that by correlating the SLs, isolated likelihooddessened and smoothed. F3g5(c)
gives an imaged enhanced using LCE only. Unnatural lookingregjions can be seen on
the nose, sides of the mouth and on the right side of the nelskselartifacts on the face
and the neck are almost removed using SALSA as shown ir8B¢e)and Fig.3.5(h) Itis
important to note that there is no loss of enhancement orskiomregions. Smoothing the
skin regions looks more natural as given in Bgb(f) and Fig.3.5(i), which are smoothed
usingk = 0:75. However, this comes with a cost and the level of enhancearethe other

image part is not as strong as SALSA without smoothing.
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@) (b) (©

(d) (e) ()

(9 (h) (i)
Figure 3.5.(a) Original image, (b) Uncorrelated skin likelihood map, ) Correlated skin map, (d) LCE

of face, (e) SALSA of face, (f) SALSA with smoothing of face (k0.75), (g) LCE of neck, (h) SALSA of
neck, (i) SALSA with smoothing of neck (k=0.75)

3.5 Conclusions

Compared to FIR lters, recursive lters can achieve desinehsfer functions with much
fewer coe cients enabling low-complexity algorithms which can bediseconsumer elec-
tronics products such as Television. While using recurshiers special care must be taken
to ensure that the transfer function has zero phase and tpatasi stable in the bounded-
input-bounded-output sense. A family of exponential srhimgf lters using recursive
Iters to obtain edge-preserving low-pass images as ananpsinask of the original image
for contrast enhancement is presented. However, a unifolmareeement of all pixels in
the image can sometimes produce unnatural images espetfidlman faces. To deal

with this problem, modulating the enhancement gain withskia likelihood is proposed.
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Spatial correlation is imposed on the likelihoods to redsoéated skin and non-skin pix-
els. Furthermore, a light level of smoothing for the facel$® groposed while enhancing

other parts of the image.
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CHAPTER 4
RINGING ARTIFACT REDUCTION

4.1 Introduction

Our de-ringing method is illustrated in Fig.1L Ringing artifact-free image is obtained
from the original image via smoothing with the edge-presgrvecursive lter. In the
ringing artifact-free image, texture is also smoothed donh@ with the ringing artifacts.
Hence, smoothed pixels must be used when the original paxelsinging artifact pixels.
The ringing likelihood of each pixel, which is computed frahe edge map, is used to
modulate thalphablending of the two image pixels.

Recursive Iters operate on previously computed outputs. wA-tlimensional one-
lagged recursion can be implemented using horizontaljcatriand diagonal neighbors.
Using all one-lagged neighbors, the transfer function bezmore isotropic as discussed

in Section3.2 The recursion when using the horizontal and vertical rneogé is
gmnl = ag[mn 1]+ p,gm Ln+(1 45 p)f[mn]; (4.2)

where f[m; n] andg[m; n] are the input image pixel and the Iter output at location; f],

and ,and , are recursion coecients. Also,
Jatie<l (4.2)

for stability. To achieve a zero-phase transfer functi@mmplex conjugate lter working

()

Figure 4.1.Block diagram for the proposed ringing artifact reduction method
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in the opposite direction is also employed. Moreovgand 4 is again adapted with edge

(@) (b) ()

(d) (e)

(f) )
Figure 4.2.(a) Original image with ringing artifacts, (b) image smoothed with the 2-D recursive lter,

(c) edge likelihood map, (d) ringing likelihood map, (e) reslt of the proposed method, (f) an example
image with ringing artifacts, (g) result of the proposed mehod.

In Fig.4.2a-b, a JPEG compressed image and its smoothed version hei@e recur-
sive lter is given. In the smoothed image, edges are preskbut the ringing artifacts and
the texture is Itered out. To keep the details but removerthging artifact pixels, original
image and smoothed image canddghablended by carefully changingfor each pixel.

As discussed in Sectiohl, ringing is created because of the DCT quantization. There-

fore, coding blocks with more non-zero DCT coelents are more prone to ringing. Since
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DCT blocks with edges have a larger number of non-zero DCT cgents, they are prone
to ringing. Ringing is most visible in smooth areas aroundrsiredges. It is easier for
the human eye to detect the DCT noise which is contrasted hatsrnooth regions. Inter-
estingly, ringing is masked by details in the image. It magrelook like a true detail that
enhances the visual quality. In Fig2a, ringing artifacts in the roof region is less disturbing
than the ones in the sky region. Therefore one needs to ddaliwging in smooth areas
around edges. As a result, ringing likelihood of a pixel sselly related with the edges in
the image. Fortunately, the 2-D recursive smoothing l#nerently produces edge infor-
mation because it uses this information to adjust its smogthmount. Since, and , are
inversely related with the vertidaiagonal and horizontaliagonal edges respectively,

and their sum is less than one (see4=2), edge likelihoodp®[m; n] of a pixel can be
de ned as

pimnl =1 o[mn]  p[mn): (4.3)

In Fig.4.2c edge likelihood map of the image is shown, in whig€pm; n] = 1 corresponds to
black, andpF[m;n] = 0 corresponds to white. It can be seen that ringing pixels lsavall

edge likelihoods compared to the true edge pixel's edgdtied.

4.2 Ringing Likelihood Estimation

As discussed above, the likelihood of a visible ringing inixepis related with its edge
likelihood, and the presence of a strong edge in its codingkblRinging likelihood ratio

LR of a pixel is de ned as
p[m;n].

R= pE[m;n]

(4.4)

wherep E[m ;n ] is the edge likelihood of the strongest edge locatedratd ] in coding

block B which is obtained by

E . — . .
p-[m;n]= [annz]azé p[m; n]: (4.5)

LR is small if the current pixel is an edge, and large if it is notelge and there exists a

strong edge in its coding block.
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Another way to view Eg4.4is to think of LR as a

likelihood ratio in a hypothesis testing problem. The nyibbthesisH, that the pixel at
[m;n]is the strongest edge pixel B, is tested against the alternatide that the current
pixel at [m;n] is the strongest. Hencé,R is always greater than oneH; imposes the
restriction thatin ;n ] = [m; n]. It often proves to be that case that unér

(m) 2InLR; (4.6)

which states that 2 IbR is Chisquare distributed witim degrees of freedonm{is one in
this case)pl]. Probability of LR to be less thahRypservegShows how likely isHy against

H;. Hence, ringing likelihoogg[m; n] of a pixel can be de ned as
pR[m; n] = p(LR < I—Robserve(): (4.7)

Ringing likelihood map of the image in Fig2a is given in Fig4.2d, in whichpR[m; n] =
1 corresponds to white angR[m; n] = O corresponds to black (opposite of the edge like-
lihood map). It can be seen that ringing pixels in the sky Hawge pR[m; n], while pixels

on the roof have lowpR[m; n].

4.3 Optimal Alpha Blending

An optimalalphablending of the original image and the artifact-free smedthmage can
be obtained usingR[m; n] of each pixel.

Each pixelfY[m; n] in the decompressed source image is a random variable gwen
fYIm;n] = 1[m;ng[m;n] + (1 I[m;n]) f[m;n]; (4.8)

wherel[m; n] is one if [m;n] is a ringing artifact pixel, and zero otherwise. Talpha

blended imagd?[m; n] is computed by
fe[myn] = glmyn] + (1 )f[mn]: (4.9)
The error [m; n] betweenfY[m; n] and f#[m; n] is

[myn] = (Ifmyn]  )o[myn] + ( I[m;n]) f[m; n]: (4.10)
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For an unbiased estimator &f[m; n], E( [m; n]) is set to zero, yielding

= E(I[m; n]) = pR[m; n]: (4.11)

4.4 Experiment Results

In image quality enhancement techniques, MSE-based peaftce measures do not really
re ect the performance. Therefore, the results are viguatamined and are very encour-
aging in terms of subjective visual quality inspection. .Hgf shows a JPEG compressed
image with heavy ringing artifacts. Since the edges (ropesyurrounded by smooth areas
(sky), ringing artifacts are highly visible. The result bktproposed algorithm is given in
Fig. 4.29. Almost all ringing artifacts are successfully removeahirthe picture without

degrading the quality of the edges.
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CHAPTER 5
DIFFUSION BASED NON-ITERATIVE SHARPENING

5.1 Introduction

The visual quality of an image strongly depends on the qualitits edges. Edge in-
formation plays a fundamental role in the human visual sysher extracting structural
information in a scenedP). In the literature, there are quality assessment teclesidfat

are based on edge qualityJ. Enhancement methods for improving the edge properties
become a signi cant component for consumer products. Ammagy image enhance-
ment techniques, image sharpening algorithms try to magkd matensity transitions in the
edges. By doing so, sharpening, ineet, adds high-frequency components to the image,
which makes it more pleasing to the eye.

There are numerous sharpening algorithms available intédrature, but, because of its
low computational complexity and lower memory requirensenin-sharp masking (UM)
has become the preferable one for display enhancement sucwr products. The UM
methods have two basic and common processes. The rst oradléslain-sharp masking
of the image, which is attained by low-pass Itering the amigj image. Second, the detail
mask that has high-frequency components of the image wokdb@ined by subtracting the
un-sharp mask from the original image. The enhanced imageduced by amplifying
the detail mask and then adding it back to the un-sharp mask.

Most of the time, UM techniques are implemented directlytmy @équivalent high-pass
Iter that outputs the high-frequency compone®d]. However, amplifying high-frequency
components creates oyender shooting artifacts and boosts noise around the ediges-
duce noise ampli cation and ovemder shooting artifacts in UM techniques, various meth-
ods are propose®¥§][56]. All of these methods try to modulate the output of the hss
Iter so that compared to conventional UM, noise and @wader shooting performance

is improved. Nevertheless, modulating the output of highsp Iter modulates each pixel
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within the mask in the same way, which in return, may redueestiarpening performance
of these classes of algorithms. To clarify this claim, cdasia noisy region in an image.
We can expect that the UM algorithms will try to reduce the magle of the high-pass
Iter within and around these noisy regions. But, a weak isfgnedge (.e., blurry edge)
in this noisy region will not be sharpened as a result of thiglufation. Therefore, while
these algorithms aim to avoid the oiarder shooting eect together with the noise ampli-
cation, a trade-o that reduces the sharpening performance comes into pléyislwork,
we propose an approach to relax this tradeby modulating the contrast of each pixel
with respect to the center pixel in the mask using a backwardsion-based sharpening
algorithm.

Backward di usiort is not a stable process, and it creates oscillations ardunedgesq 7).
One solution to avoid oscillations is to terminate the psscafter a limited number of it-
erations. Another approach is to actively smooth out snraltlignts using a forward and
backward di usion simultaneously to avoid introducing oscillationgte rsthand B§].
This inevitably smoothes weak intensity details in the imago. Therefore, instead of
applying a forward diusion, we choose to stop the dision after a limited number of iter-
ations. To avoid boosting noise in smooth areas and creati@gunder shooting artifacts,
we present the problem as an objective-maximization problehe objective function is a
modi ed version of Huber's min-max norm of the local gradienWe further weight the
objective function with the ringing likelihood of each pb@ that ringing artifact pixels
contribute less to the objective and hence are not sharpé@yedsing the equivalence of
the objective-maximization problem with the dision (9], we can formulate sharpening
as an anisotropic dusion process which is then approximated with a non-itezatiethod.

Next, we will present the image sharpening as an objectiveimiaation problem.
Our objective is to increase the contrast between pixelst meferably the ones residing

across the edges. The contrast between pixels is derivedtfre norm of their gradients.

it is called as 'backward' since it works against the gratigirection.
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@) (b)

Figure 5.1.(a) () (b) °(x) with Ty = 8and T, = 64.

We will present this modi ed norm and its necessary progsrto achieve a satisfactory

performance in terms of oviemder shooting and noise ampli cation.
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Figure 5.2.(a) Weightsh[m][n] for di usion approximation, and (b) its approximate implementatbn
using powers of two.

5.2 Sharpening: a contrast maximization problem

The objective to sharpen edges can be expressed as a camsastization problem

X X
max (r 1) (5.1)

! 21 p2 s
wherer |, is the gradient between pix@lin spatial neighborhoods and center pixes
and (%) is a function designed so that contrast of noisy pixels os¢hpixels around the
strong edges are not enhanced.
It is known that sharpening strong edges creates/onder shooting artifacts around

the edges and it is also known that the pixels across stroggsedill tend to have large

gradient values. Hence, to avoid oierder shooting around edges, these large gradient

values should contribute less to the objective function gared to small ones. The dis-

tinction between large and medium gradient values can beeraaithg Huber's minmax
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norm which is mostly used in robust estimation proble®d.[ However, large outliers
e ects the sensitivity of the estimator. To reduce this seitgitto large outlier values,
Huber's minmax norm switches frobp to L, norm.

Noise is most visible in smooth regions of the images wheeectintrast is relatively
low [61]. On the other hand, in high-contrast regions, theat of the noise is generally not
noticeable due to the local structural content of the im3gerefore, to avoid boosting the
e ect of noise in the image, Huber's minmax norm is modi ed sécasave zero values for
the norms of small gradient values. Thus, the modi ed versibthe objective function,

(X), technically, will not be a norm since non-zero values aepped to zeroq]. (X) is

given by

(x) = g4 Ta* (T jXi To) (5.2)

2(T2 Ta)

8
go (X <Ty

2+ Sy (T2 1)
whereT,; and T, are threshold values for controlling the noise boosting avel/funder
shooting protection, respectively. Refer to Fig@fa for the plot of the function (x).

Maximization problem in%.1) can be solved with gradient descent as showh [

X
+1) _ 0
|0 =0 . ((IN (5.3)
pz s
where 0(x) Is the rst order derivative of (x), is step size, and 4 is the number of pixels

in .

As we have discussed before, oscillations can be prevegtsipping backward du-
sion after a limited number of iterations. In addition, ddesing hardware implementation
restrictions a Iter with compact support is desirable. Téfere, we apply three iterations
to prevent oscillations and at the same time keep the haedweguirements low. In three
iterations, the diusion calculations for each pixel involves its neighbogtsxn a 7 7 win-

dow when the 8-connectivity neighborhood is usedsir8 Assuming that () is a linear
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function, we will show that diusion can be approximated with a non-iterative operation.
Since the norm of the gradients coming from the boundarylpe the 7 7 window will

be weighted byé)"*, which is rather small for typical parameter valueseetive window
size becomes 5 5 for our non-iterative approximation.

The horizontal and vertical gradients are obtained as

r |p;s = |p |S; p 2 S; (5'4)
and diagonal gradients as
lp |
Hm:%%i p2 (5.5)

The diagonal gradients are approximated by normalizinglihgonal intensity dierences
P- . : . . o

by ~ 2. This prevents the diagonal gradients to dominate theviackdi usion process

which in return makes the process more isotropic.

To obtain the non-iterative approximation of the backwardudion, we assume

O(r lpis) = o(r Ipg) + O(r lgs): (5.6)

wherep andg are in 5 5 window andp;q, sandsis the center pixel. This assump-
tion is not valid for (X) in (5.2), but is needed to expres§ as the sum of the intensity

di erences of each pixel with the center pixel. Substituttg)(in (5.3) with the gradient
approximations as irb(4) and 6.5), 1® can be represented as a weighted sum of the norms

of the intensity di erences. Hence the approximate non-iterative solutiorbeil

1 [m;n] = 1[m; n] Xhmn%m+m+n|mﬂ) (5.7)
i;j25 5
Note that a linear low-pass ltering is performed on the miadled intensity dierences
for pixel [m; n], and the output is added back to the original pixel. For 1, the lIter
maskh[m; n] is given in Figure5.2a whichisa 5 5 low-pass Iter. A hardware-friendly
implementation of Figur®.2a is given in Figuré.2b which has coe cients that are powers

of two.
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5.3 Ringing-aware sharpening
Since sharpening boosts high-frequency components aredges, ringing artifacts are
also boosted and becomes easily visible in large at parsgldys. The performance of a
sharpening algorithm can be degraded if ringing artifactst taken into account in the
designing stage. Therefore, we modify our objective mazaton problem so that pixels
having visible ringing artifacts contribute less to oureijve function which we want to
maximize. The new maximization problem can be written as

X X

max Y(rlps (9); (5.8)
21 p2 s

where (s) is the probability of pixekto be a ringing-free pixel, and

(s ()= (rlps) (9 (5.9)

is the new modi ed objective function for ringing awarenes$his formulation implies that
if a pixel has a small probability to be a ringing-free pixean it will be sharpened less.
Then the gradient descent solution to this will be

X
=10 — (9 (118 (5.10)
JnSJ p2 8

We again assume linearity given i6.¢) to nd an approximate non-iterative solution to
the above diusion process. To obtain a formulation as %7} which is only in terms of
neighbor pixel's intensity dierences from the center pixel, we further assuif@® = ()
foranyp25 5 window. The approximate non-iterative ringing-awareusioh for pixel
sat location n; n] is
1Omyn] = 1[m;n]  [m;n] § hli; i “0m+ i+ 1 1[mn]); (5.11)
i;j25 5

whereh[m; n] is as given in Figuré&.2a.

The solution to our maximization problem is independentai h[m; n] is estimated.

For a hardware-friendly implementation of the sharpeniggrthm, we just need a simple
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formulation for [m;n] that can be computed after processing local gradients ingles
pass. This way, once the sum of the weighted gradient norenstdained in%.11), [m;n]

will be ready to multiply the sum. If we think of gradients cmm from the same distri-
bution, pixels of a strong edge in a smooth area can be seartlas otensity di erences
coming from a distribution of small intensity derences. Therefore, the distance of the
outlier created by the edge pixel from the estimate of themaktaerence is used to obtain

(s). We de ne (s) as below

P o(I | )%
nax (M 1) p25525p ° (5.12)

1
(9 = T
which will be close to one for a a strong edge in a smooth am@eghe outlier and the

mean gradient will be close b, and zero, respectively.

5.4 Experiment Results

We compare our diusion based sharpening algorithm with the rational UM me{36),

and backward diusion as given in§.10 using three iterations. Original image given
in Figure5.3a is sharpened using these three algorithms. For a fair casopawve tried

to adjust the algorithm parameters so that the vertex ofdb&éhrave the same sharpness
level in all three sharpened images. Backwardudion performs better than rational UM

in terms of ringing artifact suppression and dueder shooting. In the image sharpened
by rational UM, note that the sky region between leaves aeddbf su ers more from
ringing artifacts. Also, ovéunder shooting performance can be compared by looking at the
areas around the leaves and the roof edges. Our sharpegorghah given in Figurés.3d
performs very close to the backward dsion which we are trying to match in terms of

sharpening, ovéunder shooting, noise and ringing ampli cation performanc
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(€) (d)

Figure 5.3. (a) Original image, (b) enhanced with rational UM, (c) backwad di usion, (d) proposed
sharpening.
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CHAPTER 6
HYPOTHESIS TESTING FOR PRIOR MOTION INFORMATION

6.1 Introduction

Motion estimation facilitates applications such as motompensated noise reduction,
frame rate conversion, de-interlacing, and compres$fjs4|. Block matching combined
with translational-motion model and constancy of brigetassumption is preferred in
hardware implementations. In block matching, the motiordet@pplies to all pixels in
a block, which simpli es memory access and resource requergs. To improve the per-
formance, e cient bu ering algorithms can be designed to fetch a block of pixeh diat
a small number of clock cycle$®]. However, when there is motion boundaries /nd
deformation of objects, block matching can produce largersiin the motion-vector eld.
Translational-motion model reduces the computation asdnsetimes even more robust to
noise when compared to more complex models such as the anotion model§3]. But
it fails in the presence of rotation and zooming. After chngghe translational-motion
model and its block based region of support, one needs tafgpke estimation criteria
of the model parameters€., x andy components of the motion vector). The constancy
of brightness assumption tries to minimize the error betwagixel's intensity and its
motion-compensated prediction’s intensity. In hardwanplementations,; norm is used
in measuring the error magnitude. Comparedtmorm, ; norm is more robust in the
presence of outliers and saves a multiplication operatd $0]. “; norm accumulated
over all pixels in a block is called Sum of Absolute Devia8di®AD). SAD minimization
is notsu cientto nd true motion vectors, and performs poorly wheae Hrightness in the
scene changes.

Clearly, motion estimation is an ill-posed problem, whichuiees extra information
other than pixel intensity data. Spatial and temporal d¢atian of the motion-vector elds

can be used to regularize the motion estimation problemti@marrelation is induced
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because objects are usually larger than bloéds [Moreover, objects usually follow mo-
tion trajectories that does not abruptly change, whichde¢ademporal correlation. The
Bayesian framework is promising way to incorporate the pnéormation. Using Bayes
law, a posterior probability fop(vjd) of a realized motion-vector eld/ is computed by
p(djv)p(v) up to a normalization constant, whepéjv) is the data likelihood, ang(v) is
the prior information.

Markov Random Fields (MRF) is a well-known method to imposeiapaorrelation.
Maximum a posteriori (MAP) estimation of an MRF was introddideto computer vision
by Geman and Gemai%%]. The MAP-MRF framework can be expressed as an energy-
minimization problem. Theoretically, it is possible to ride global minimum using sim-
ulated annealing, which is too slow to converge for pratyicaposes. Recently, approx-
imation algorithms has been designed using graph cutstératively updates the motion
eld [ 66][67]. Generally, energy-minimization based motion-estimmatalgorithms en-
code only the spatial correlation information via a spatiatontinuity-penalty term in the
energy. The computational complexity of an energy-minatian problem that has tempo-
ral discontinuity will be too high, especially for hardwaneplementations: the temporal
discontinuity-penalty term using the previous frame wodduire updating the previous
frame's motion-vector eld.

Spatial correlation by itself is not sicient for creating a high-quality motion-vector
eld. One still needs to utilize the temporal correlationtween the previous frame's al-
ready computed motion-vector eld and the current frametstion-vector eld. By as-
suming independency, we rewrifgv) as pS(v)pS(v), where the two terms denote spatial
and non-spatial prior motion informatiopS(v) encodes the temporal correlation between
frames, and MAP estimate pfvjd) can be performed on the current motion-vector eld. In
addition we show how to use®(v) to pass information from previous resolutions in hierar-
chical motion estimation. Since, we do not update the preshocomputed motion-vector

eld of previous frame or previous resolution, we need to @b® which motion vector to
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Figure 6.1.Nine motion vectors from the previous frame are hypothesize for the block (with dashed
lines) in the current frame)

use inpS(v) formulation. We present the prior motion-vector seletts a multi-hypothesis
testing problem, and use teeidencdor the winning hypothesis to adjust the precisiof
pS(v).

Next, we will present our Bayesian approach to incorporatesgatial prior motion
information into block matching.

Usually, there are more than one possible prior motion ved) available €.g, see
Figure6.1)3. Unfortunately, we do not know which block's motion vectarthe previous
frame applies to the current block, because this is acttiadlymotion estimation problem
we are trying to solve. But we can expect that the current bhogkt be a displaced version
of one of the blocks that are not too far from its location ia grevious frame. To choose
the best/” from a set of motion vector$y’g we use multiple hypothesis testing, which is

described next.

6.2 Multiple Hypothesis Testing for Prior Selection

vectorv is equal tov” from the previous frame. We want to nd the hypothesis that tie

1we refer to reliability of the prior as precision, followinige convention for Gaussian distribution, which
we use to model the prior distribution.

2From now on, we will drop the superscrigfor notational simplicity.

SSuperscripp denotes data from the previous frame.
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highestevidence The evidence value fdf; is de ned as

p(Hijd; vP) .

p(Hijd; vp)’ 64

e(Hi) =In

whered denotes data (pixel intensities), denotes prior information on previous frame's
motion vectors, andH; implies H; is false B8]. p(Hijd;v?) and p(Hijd; VvP) are posterior
probabilities ofH; andH; obtained via Bayes Law:

pdiH; V).
p(ev)
p(ciHi V7).
p(cive)

wherep(H;jv®) and p(H;jv?) denote prior information o#l; andH;, respectively.

p(Hijd; v°)

p(HijvP) (6.2)

p(Hijd; v°)

p(HijvP) (6.3)
Using 6.2 and 6.3) in (6.2

P(H;jvP) p(djH;; vP)
p(HijvP) p(diHi; vP)

e(Hi) = In (6.4)

By applications of Bayes Law op(djH;; v*), e(H;) becomes

e(H) = In p(djH;; v?) p(Hijv®) (6.5)

W - - -
p(djHy; vP) p(HijvP)

k=1;stik, i
In the above formulap(H;jvP) represents our prior information d# before observing

any dataite. the current frame). Generally, motion estimation algonshoutput a motion
vector and an associated con dence vatiifor that motion vector. Hence, before pro-
cessing a new frame if we know theft has a high con dence, then it is more likely to be
an estimate of a true motion in the image. This makes it m&ediito survive in the new

frame. Therefore, we can compuytéH;jvP) by
. c
p(Hijvp) = PNl—pi (6.6)
k=1 Ok
To select the best prior, we solve

I = argizflr;rzl;%ﬁge(Hi): (6.7)
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However, if we do not use any prior information ¢f's by assumingp(H;jvP) is uni-
form, (6.5) is simpli ed to

p(djH;; vP)

e(H) = In (6.8)

p(djHi; vP)  p(djH;; vP)
k=1;

Sincee(H;) in (6.8) is a strictly increasing function gb(djH;; vP), maximization problem
in (6.7) becomes

| = iH. - vP)-
i argizflr;g&?&gp(de,,v), (6.9)

which is simpler and does not involve division as 7).

Although solving the simpler maximization i16.9) gives the optimal for the maxi-
mization in 6.7) by assuming uniform prior ohl;'s, we still need to compute(H;). This
is because we use the top two largest evidence vad(lds) ande(H; ) to adjust the pre-
cision, %, of p(v) as below

Lo fer) e ) (6.10)

where f is a non-decreasing, non-negative function. A largestence between the two
largest evidence values implies that the two hypothesisvateseparated and we can be
more certain that our decision of selectidg is right.

We would like to simplifye(H;) further by an approximation. When the evidence is
large forH; (i.e., p(djH; ;vP) is large), it should be saturated to avoid assigning tob Hig
When the evidence is small, we want to adjgsby (6.10. Hence, our approximation of
e(H;) should especially work well for smafi(djH; ; vP). Forpl’z':l; p(djHy; vP)  p(djH;i;VvP),
we can approximate(H;) by

p(djHi; v?)

e(Hi) =In X (6.11)
p(djHi; vP)
k=1;
Substituting 6.11) in (6.10, we get
1 : ,
— = f(In p(djH; ;vP)  In p(djH; ;VvP)); (6.12)
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which is the di erence of the likelihoods of the top-two hypothesis.

Above formula fors, measures iH; is well separated from the rest of the hypothesis
or not. However, the way we set our hypotheses can reducefirence of a good; .
Our H;'s aresimplehypotheses meaning that each hypothesis speci es a siagle tov
(i.e, Hi : v = VP). This means that close but not identicald, sub-pixel di erent)v"'s
all of which applies well to the current frame, can be asdgigioedi erentH;'s. But from
(6.12), % will be small since botiH; andH; will have high likelihoods. To overcome
this, one can impose a minimum distance among the hypottbéis.

One last improvement on our hypotheses set is to incluglenamyhypothesisHP, to
represent cases like occlusion and scene change in whichigronpotion information is
available for the next frame. Addingdummyhypothesis enables us to chod$ when
evidence fovs are small. Obviously, the likelihood given® does not depend on pixel
intensity di erences, hence we sgfdjHP; ) = , where is a small number. WheRP
is selected, we do not have any informative prior informagv) to updatep(djv) because
there is no match of pixels by the de nition #f°. Therefore, we need to sé} to zero.

To do this by smoothly changing asHP becomes more likely to be accepted, we can
modify (6.10 to

iz = f[(In p(djH; ;vP)  In p(diH; ;vP))(In p(djH; ;vP) In )]: (6.13)

As the likelihoodp(djH; ; vP) of the selected hypothesi$ decreasesH® becomes more
plausible), the precisior; of the prior information also decreases and becomes exactly

zero wherHP is selected.

6.3 Computing the Posterior Distribution

After selecting the prior motion vectof and computing its precisiof, we need to model
the prior distributiorp(v). We expect the true motion vector to tleselydistributed around
VP, and - hints how close this is. In a sensé, and -5 speci es the rst and the second

moments of the prior distribution. To avoid imposing anytiier constraints on the prior
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distribution, Gaussian distribution is chosen to mog@l) according to the principle of
maximum entropy§8]

p(v) = ﬁzi—e 220 YD), (6.14)
which assumes horizontal and vertical deviations fidirare not correlated.

The error between a pixeds intensity and its reference pixel's intensity obtaingd b
motion compensating withr is denoted byd), and it is created by many error sources
such as noise, aliasing, compression artifacts, defoomatooming, rotation, brightness
change, etc. Again, by the principle of maximum entropy tcoant for all these sources

Gaussian distribution is used for modeling data likelihood
. 1 x
PV = p—e 2%, (6.15)
where is a constant variance term re ecting the strength of thevaboentioned error

sources in the video sequence. Since block matching assimesame motion vector

applies to all pixels in blociB, the data likelihood foB is

Y
p(div) = p(dijv); (6.16)
x2B X
L
= ‘pzre x2B (617)

by assumingl‘'s are independently distributed.

From 6.17) and 6.14), the posterior distribution of is

pvid) 7 p(Av)p(v) y

1 dX2

=l
I 5 L™ s gt D) (6.18)
The log of the posterior is
; 1 X x2 1 Py0, p
log p(vjd) / >z d; ﬁ(v Vi)(v V) (6.19)
x2B

MAP estimateyMAP  is found by minimizing log p(vjd) given by
X

1 1
VAP = arg rr\]/mﬁ d\)/(2 + ﬁ(v Vip)o(v Vpi)i (6.20)
x2B
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Substituting 6.17) in (6.13, X can also be simpli ed to

1 X

X X
1 X 1 X 1 1 X .
=Mz 4 2 5z & A(In = 55 & Al: (6.21)

x2B x2B x2B

Inspecting 6.20), we can see that the MAP estimate minimizes a bi-criterast func-
tion. The rst term is the data term, which is a sum of squarersr(SSE). The second
term penalizes deviations from the hypothesized motiomove@he weight of the second
term is adjusted by how well the hypothesized motion vecpmlias to the current block
B, which is inferred usingg.2]). If the data likelihood and prior distributions are modkle
with Laplace distribution instead of a Gaussian distribbatiall the SSE terms ir6(20 and
(6.21) would be SAD terms, which is more hardware friendly. SegugHor the minimum
of the rst term alone corresponds to regular block matctihmt minimizes SAD.

The search windows, is exhaustively searched for nding'*". Heuristics search al-
gorithms such as three-step seat@¥|,[cross-searchs[0] for minimizing (6.20 can also be
used instead of an exhaustive search. Furthermore, altiibegrst term is a non-convex
cost function, the second term is a convex cost functionclwvbecomes more dominant as
v's distant fromv” are searched. This can be taken advantage of, while degifrimistic
search algorithms speci cally for minimizing5(20. More costly searches such as full-
search can be performed when non-convex cost function isrdorn(.e., v's close tov’)
to avoid getting stuck at a local minimum, and heuristic clegratterns can be utilized

otherwise.

6.4 Choosing The Best Set of Hypotheses

To incorporate prior motion information from the previouarhe, the hypothesis set should
cover a large enough area in the previous frame that conBsnpixels while keeping
the computation at an acceptable level. Obviously, thiseddp on the motion type. As
shown in Figure6.1, in addition toB's collocated block in the previous frame, its 33
block neighborhood can also be used. With doenmyhypothesis, this will make a total

of ten hypotheses to utilize the available prior informatfoom the previous frame. In
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Figure 6.2. Block matching results for a two-resolution hierarchical motion estimation: (a) SAD mini-
mization (b) minimization of bi-criterion cost in Equation (6.20).

hierarchical motion estimation, the hypothesis set needsetdesigned dierently. For
example, if down-sampling by two is performed to create therser resolution frame from
the ner resolution frameB in the ner resolution will e ectively correspond to a quarter-
sized block in the coarser resolution. Hence, its motioarmiation may be lost if there is
a motion boundary in the whole block. To include this losbimfiation in our hypothesis
set, we need to use other neighbor blocks in the coarse tespluFor anyB at location
(r; c), corresponding to row and column number respectively, eedrto use four blocks
in the coarse resolution to account for all possible motioarglary directions. These four
blocks are located abgtc; b%o), (05  1c b%io), (B3l b%t 10, (05 1 b2t 1o).

With thedummyhypothesis, there will be ve hypotheses in our set.

6.5 Experiment Results

We tested our proposed method using standard video teseseegl In all the test se-
guences, using prior motion information has improved thalityuof the motion-vector
eld. Due to space limitations, we present some visual mssiubm the Mobile and Cal-
endar sequence. In the following gures, motion vector ofieck is represented with a
white line and its direction is denoted by a block dot. Unfogtely, we can not do any

mean square error (MSE) comparison by measuring the erteveba the original image
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Figure 6.3.Block matching results for passing prior motion information from the previous frame: (a)
SAD minimization (b) minimization of bi-criterion cost in E quation (6.20).

and the reconstructed image via motion compensation. lvgas from 6.20 that SAD
minimization will always give a better MSE because of ourssetcost term. Therefore,
we present visual results in which motion vectors are ansgliby two.

Our rst result demonstrates the improvement provided bgspag prior motion infor-
mation from a hierarchical motion estimation with two regmn levels. Figures.2(a)
and6.2(b)shows the motion-vector eld from the #5rame, produced by SAD minimiza-
tion and our proposed bi-criterion cost minimization 120. The hypothesis set is as
described in Sectio6.4. Due to noise in the image, there are some random motionngecto
in Figure6.2(a) which are worst in the smooth areas on the calendar. Theomuéctor
eld in Figure 6.2(b)looks more consistent, most of the random vectors are dedeudth
the help of the prior information passed from the previog®hation.

The next result is produced by passing prior motion inforamafrom the previous
frame. Figures.3(a)and Figures.3(b) shows the motion-vector eld from the 22frame
produced by SAD minimization and our proposed method, ieg@dy. Using the previous
frame our proposed method improves the performance of bleatching for repeating
structuresi(e., spiral calendar perforations).

It is important to note that, the quality of the motion-vecteld still needs to be
improved. By iteratively minimizing an energy function d@sed to incorporate spatial
smoothness constraint into gray-level matching will imygréhe estimated motion-vector

eld, which is the subject of the next chapter.
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CHAPTER 7
ENERGY MINIMIZATION BASED MOTION ESTIMATION

7.1 Introduction

Motion estimation is an ill-posed problem because imagespavjections of 3D scenes
onto 2D planes and large amount of information is lost as altteMatching gray-levels
of image pixels only utilizes the brightness constancy eggion, which performs poorly
for motion estimation. Oftentimes, more than one motiooteecan be good solutions
to gray-level matching, because of noise, compressiofaetsi lack of detail, repeating
structures, etc. To favor the true solution against otlmers needs to use extra information.
Spatial correlation in motion-vector elds is one such smuof information in addition to
the non-spatial priors discussed in ChaerOne can design an objective function that
incorporates spatial priors into the motion estimatiorbpgo.

An objective function measures how well a particular solutirom the large solution
space ts both to observed data and prior knowledge. To éxgbatial smoothness in mo-
tion estimation an objective function should contain a datha smoothness term. The data
term determines if a solution explains the observed datasbyguhe constancy of bright-
ness assumption.¢. gray-level matching). The smoothness term measures izarsain
the motion-vector eld. Both terms are designed so that swallies are desired. Objec-
tive functions are often called energy functions becausaiafmization algorithms such
as Simulated Annealing (SA), which is inspired from annegln metallurgy; a technique
that involves controlled cooling of a materidl].

Since a naive search for global optimal solution is expaaéiytcomplex, the energy
function is minimized using a local search algorithm, whstarts with an initial solution
and searches for better solutions using neighborhoodseié&gy has many local minima,
which can cause the minimization algorithm perform poofyr example, an image of

width W, heightH, block sizeBS, and number of possible vectorS, the number of

65



W H

solutions depends exponentially 8nand is about$)?ssss. To prevent stopping at a bad
local minimum and to enable convergence to a good one amosgjlp® local minima
requires complex algorithms, hence, energy-minimizatomotion estimation is a highly
complex combinatorial optimization problem. Finding tHel@al minimum is often NP-
hard, hence the problem necessitates local search algasritmat are fast converging with
low computational complexity for hardware friendliness.

Energy minimization is widely used in motion estimation.rhlland Schunck was rst
to include the smoothness term into the energy function fitical ow estimation[72].
Boykov et al. [/3] and Kolmogorov et al.§6] presented graph-cut based approximate so-

lutions to nd disparity maps between stereo images.

7.1.1 When does energy minimization fail?
In case the energy-minimization algorithm results in a badtson, it is hard to determine
the cause of failure. The failure may be due to a poorly desiggnergy function or an
approximation algorithm that stopped at a local minimumatase to the global minimum.

The reasons for a poorly designed energy function are cetatéhe smoothness term.
Smoothness term measures the amount of variation in th@muéctor eld by consider-
ing motion vectors in a local neighborhood. Energy-minitian algorithms try to mini-
mize the data term and smoothness terms at the same time. @infatowards a smoothly
varying motion-vector eld at the cost of a greater graydemismatch, the prior knowl-
edge that pixels on the same object tend to move togetherpesed. However, this is
not valid for object boundaries, deformations, and rotaAad zooming under the trans-
lational motion model. Paradoxically, motion segmentaid the image must be known
to correctly impose the smoothness prior. Motion segmemtatill determine which pix-
elgblocks in the local neighborhood are needed to be used tosenpmoothness.

A bad solution can as well result from the failure of the egamgnimization algorithm
(i.e., convergence to a poor local minimum). Local search algoré reduce the energy at

each time, hence it is not possible to break away from thd lmg@mum once attained.
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One way to overcome this is by jumping to a distant point indbleition space. However,
this requires changing multiple motion vectors at each, stbpch increases the complexity
(e.g, if two blocks' motion vectors can change rather than oneldéy the number of
changes over steps increases froi to iS?). This requires more computation and also
memory resources.

Before discussing the details of our approach, some claioocas needed for the ter-
minology we are using: A move is a change of motion vectorsdducing the energy. A
standard-move is a change of a single block's motion veétoiteration is a combination
of moves, possibly processing all blogsiels for their computing their best moves. Each

iteration brings the solution closer to a local minimum cf #nergy.

7.1.2 Ajoint approach: The primal-dual method
Our contribution to energy-minimization based motion restion is in solving the two
aforementioned problems: energy-function design and dastvergence of the energy-
minimization algorithm to ggood minimum. Contrary to previous works, our approach
is a joint approach in which the energy function is not xedthé beginning but up-
dated as the energy-minimization algorithm iterates tod&a minimum. Prior works on
energy-minimization determines the energy function atégnning by xing the param-
eters manually, and do not modify the parameters as thei@oligt improved. Energy-
minimization is commonly used in computer vision applicas [74][75], and it was ap-
plied to pixel-level stereo-disparity estimatio@6][67][76], which is similar to motion
estimation in essence. In this work we use energy-mininuador block-based motion
estimation.

Our energy function consists of a data term that relies oitigdtness consistency as-
sumption applied to a block of pixels and a smoothness teanrtteasures thresholded
rst-order variations in the motion-vector eld. Threshbhg in smoothness computa-

tion preserves discontinuities in the motion-vector &1€], which a ects the performance
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around motion boundaries. A good objective function forigmoestimation correctly im-
poses the smoothness constraint, which requires the mséigmentation of the image.
This is clearly a chicken and egg dilemma. We overcome thisagy dilemma between
motion estimation and motion segmentation by correctingemergy function as we learn
more about the motion-vector eld throughout the iteraokiVe show that the dual prob-
lem of the primal problemif., energy minimization) for motion estimation can be used
to infer about the motion segmentation. Hence as the itraifprogress, primal-dual rela-
tion provides us information on how to redesign the energgtion. This way, the energy
function better imposes the smoothness constraint.

Even if the perfect energy function is designed, the enengymization algorithm can
still converge to an undesired local minimum. Many local imia are possible since the
solution space is large and the data term in the energy fumddinon-convex because of
independent motion of objects, and the aforementionednsa®r insu cient gray-level
information. Since, we want to design a standard-move #lgorfor hardware friendli-
ness, it is di cult to break away from a local minimum once arrived. We trpvercome
this problem by increasing the weight of the smoothness tehich is convex. By the
use of the primal-dual relation we can impose a better snmasth constraint since it is
corrected throughout the iterations. This enables us tease the weight of the smooth-
ness term in a new iteration compared to the previous iteratncreasing the smoothness
term’'s weight, e ectively implies less weight for the data term and decretmeshance of
getting stuck at a local minimum due to the non-convexitighe data term.

In block-based motion estimation, a motion veatpis computed for each blodk2 B,
whereB is the set of all blocks in an image. Motion estimation candrentilated as an

energy-minimization problem with an energy function

X X
E(v)=  Dp(w) + Via(Vi; Va); (7.1)
b2B fb;ag2N

where the rstterm measures how wbk motion vectorv, explains the observed data, and

the second term measures the smoothness of the motion-velcto The overall weight
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of the prior smoothness information is given by N denotes block pairs that interact
with each other, which is often de ned as adjacent bloekg,(b interacts with its eight-
connectivity neighborhood). The penalty functivp, depends on the block pairs and
determines the penalty for variationsvn

Using the notation in the previous chapter, the data ternvengas

X 2
Do(w) = % (72)
x2b

whered;; is the gray-level error between pixel2 b and its motion compensated version
using Vv, in the reference image. A true motion vector will produce al, by the

brightness-constancy assumption.

7.1.3 Energy function as the log of the posterior

From (7.1), one can see that the contributionkofo the total energy is independent of the
other blocks given the pairs it interacts with. This is a Ma4ilan property which paves
the way for a probabilistic justi cation of the energy furat as a posterior probability.
Using the equivalence between MRFs and Gibbs random élds yve can use the Gibbs
probability distribution and an MRF with cliques of size twadbtain

X
P(v) = Z lex p& Via(Vb; va)é (7.3)

fb;ag2N

whereZ is a normalizing constant. Using the data likelihood a$id?) for allb 2 B

X
P(djv) / ex pi} Db(vb)é (7.4)
b2B
The posterior is given by the Bayes rule
_ X X
p(vid) / exp Do (Vb) Viia(Vi; Va) (7.5)
b2B fb;ag2N

The log of the posterior is the negative of the energy fumctio

X
log(p(vid)) / E; Dp(Vb) + Via(Vo; Va)é (7.6)

b2B fb;ag2N

Hence, the MAP estimation is equivalent to minimizirfglj.
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7.1.4 Types of the smoothness prior
There are three major types of smoothness terms. The r& iyusually called as the
Potts model

Vba(Vb;Va) = (Vb , Va); (7.7)

wherel is the indicator function. The Potts model assigns the sanalfy to all discon-
tinuities and therefore is discontinuity-preserving.slsuitable for problems in which the
solution has discontinuities such as image restoratioln itary images. The second type

is the linear smoothness model
Vb;a(Vb;Va) = ij Vaj; (78)

which assigns larger penalty when two adjacent blocks movarther directions. How-
ever, this smoothes the motion-vector eld at the objectritaries. To overcome this, a

truncated linear model can be used
Vha(Vo; Va) = Min(K; vy Va)); (7.9)

whereK is a constant. When the dérence of the motion vectors is greater thkannder

L, norm, the penalty is truncated Ko and therefore does not distinguish between greater
discontinuities. This helps with preserving the motion hadaries compared to the linear
model. Another good property of the truncated linear modelvall as the linear model

is that, they are both metrics on This is a required property for the graph-cut based

-expansion algorithm that requir¥g, to be a metric T3]

7.1.5 Breaking away frombadlocal minima

A block-based motion-vector eld is a local minimum of the enerdy if
E(v) < E() 8V Beartd® v; (7.10)

where\? is near tov means that? is within a single move of.. A motion-vector eld

V0, vis a single move away from if it can be reached in one step. Various types of

70



moves can be designed. The simplest one is a standard moiah iwla move that can
only change one block's motion vector at a step. Algorithrasdal on standard moves is
prone to getting stuck at local minima, because they carungp jto farther locations in the
solution space. Especially when all or most of the blocksraxtting with a block haviead
motion vectors, a standard move will not likely be able toreor the motion vectors over
many iterations because of the incorrect smoothness edamstinat will be imposed by its
neighbors. One way to deal with this is to allow large movesaath iteration, in which a
group of blocks can change their motion vectors togethentiAer way would be to start
the iterations with goodinitial motion-vector eldv that has few such local minima. The
initial motion-vector eld can be obtained by using non-8abprior information from the
previous frame or the previous resolution in a hierarcmeation estimation. As shown in
Chapter6, hypothesis testing can be used to choose which prior megetor to use and
its contribution in obtaining the initial. We choose utilizing non-spatial priors combined
with standard-move iterations to avoid computation and prgnmequirements of large-
move algorithms. This cuts down the numberbafd local minima and hence increases
the likelihood of converging to a good solution. In additimnthis, standard-moves are
hardware-friendly and easy to implement because they doeweat information from other
blocks {.e. Each block makes its own standard-move decision). Theyinetgss memory,
computation, and enable parallelization of the algorithm

We will next present how to eciently make large moves using graph-cuts to discuss
their advantages in solving local minima issues and disatdges in terms of computa-

tional complexity. Then we will present our proposed stadeaove algorithm.

1For example, a parallelized implementation of our propasgation using General Purpose Graphic Pro-
cessing Units (GPGPUSs) requires dividing image blocks intiependent groups of blocks (GOBs). These
GOBs can than be assigned to eient processors and start running independent of each @theproposed
algorithm given at the end if this chapter, typically give$Gx to 100x improvement for an SD image over
CPUr's average running times (close to one second per fraing rgtel's dual core CPU) depending on the
GPGPU's number of cores. This is fast enough to make the imgrheation work in real time.
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7.2 Alarge-move algorithm based on graph-cuts

As mentioned earlier, the number of possible moves growsrexptially when large moves
are allowed €.g, if all blocks' vectors can be changed, than the number o$ibts moves
increases fronsjjBj to jSj®). Naively checking all possible moves requires an expaaknt
complexity, hence low-complexity approximation algonith are required to nd @good
move. The -expansion algorithm is a greedy algorithm that uses gt to make large
moves, and has been recently used in computer vision preli&si76].

The -expansion algorithm executegclesuntil convergence and each cycle iterates
over all the motion vectors i (calledlabelg and tries to reduce the energy. Following
the de nition given in .10, the convergence to a local minimum is reached when an
iteration does not decrease the energy. In an iteratiorafogll , a move fromv to \° is
reached by changing any set of block's motion vector tand keeping all other blocks'
motion vectors. In other words,-expansion tries to expand the regions in an image that
belong to a particular motion vector at each iteration.

Graph-cuts are utilized in-expansion iterations. It has been shown 78][that an

-expansion move te° corresponds to a cut on a specially constructed gapisingv
obtained from the previous iteratios has two terminals and , and the blocks in the
partition containing change their labels toand the blocks in the other partition keep their
labels. An -expansion move and a cut have the same energy thatglby a constant that
is independent of the cutd 3. Hence, the minimum cut i will nd the best greedy
move among all possible-expansions.

The minimum cut is found using the maximum ow betweerand according to
Max-Flow-Min-Cut theorem of Ford and Fulkersong. The Ford-Fulkerson algorithm
tries to nd the maximum ow from terminal to terminal by pushing ow on paths
between the two terminals without violating the edge capecin the graph. Edmonds-

Karp algorithm is a specialization of the Ford-Fulkersogoaithm that nds paths via
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breadth- rst searc79]. Edmonds-Karp algorithm has a lower complex®8jBj®). A
more recent work on computing the maximum ow i87]. It works better on typical
computer vision problems but has a higher worst-case codityplevhich determines the
complexity of a hardware implementation.

Although large moves converge faster to better local miramdare signi cantly faster
than exhaustive searches, the computational complexitjers them useless for hardware
implementations. For example, Edmonds-Karp algorithmaf@ingle -expansion will
have complexityO(8jBj®) using eight-connectivity neighborhood, and iteratingtigh all
the motion vectors (labels) during a cycle will increasedbmplexity toO(8jSjjBj%), which
is still much faster than an exhaustive sea®§/5j®). Since the complexity is proportional
to jBj3, which will increase the complexity exponentially whendke are partitioned into
smaller blocks to improve the quality @f Fortunately, standard-move algorithms' com-
plexity is O(jSjjBj), which depends linearly oj8j. We will next present our single-move

algorithm, discuss its convergence rate and worst-caggenaeconvergence.

7.3 A single-move algorithm

A single-move can only change a single blagkmotion vectorv,. To nd the best move,
we need to search for\g that minimizes the energy. Let us rewrite.1) by separating
terms that do not involvg from the rest
X X X
E(v) = Dqg(vq) + Via(Vo; Va) + Di(Vb) + Voa(Vb; Va);  (7.11)
fh,ag2N, b2Bb, q fb;ag2N N ¢;
whereN 4 denotes block pairs interacting wihwhich are the blocks in its eight-connectivity
neighborhood. Since the last two terms do not depend, diney can be ignored. Hence,
the best standard-move fqiis given by
X

Vv, = arg mziSan(vq) + Vi.a(Vb; Va): (7.12)
Ya fb;ag2Ny

2A breadth- rst search in graph theory begins at the root remttkthen searches all the neighboring nodes.
Then for each searched node, it searches their un-searetgdtbor nodes.
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Vectors that try to satisfy the brightness constancy assomfor pixels ing, while agree-
ing with other vectors iN, will more likely be chosen, as dictated by the above equation

for standard-moves.

7.3.1 Upper bound on the energy gap
We prove that a local minimum under standard-moves obtaiged.12) is bounded with
global minimum plus a term that depends oand the penalty functioW.

Let

M = maxVypa(Vo; Va);  Vb;Va2 S (7.13)

be the maximum penalty value between any two interactingksloLetv be a local mini-

mum under standard-moves, antle the globally optimal solution.

Theorem 7.3.1The energy gap, &) E(v), between a local minimum and the global

minimum is upper-bounded by.

Proof Sincevis a local minimum, by7.12 we know that for any block
_ X o _ X _
Dp(wp) + Via(Vo;Va)  Dp(Vp) + Vo:a(Vb; Va): (7.14)
fb;ag2Ny fb;ag2N,
To obtain the total energy afandv, we need to sum7(14) over all blocks inB:
X o _ X _
fb;ag2N fb;ag2N
which is obtained by using the energy de nition iA.{) and observing that by summing
(7.14 over all blocks, the penalty terms between interactinghkdare summed twice(q,
fb;ag 2 N, andfb; ag 2 N,). By rearranging terms in/(15
_ X _ X o
E(V) E(V) Vi:a(Vb; Va) Vi:a(Vb; Va); (7.16)

fb;ag2N fb;ag2N

SinceVpa(Vo; Va) 0 andVpa(vp; Va) M (from (7.13), we can simplify 7.16) to

E(V) E(V) M (7.17)
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Hence the energy gap(v) E(V) is bounded by M. When is set to zeroE(V) = E(V).
Since there will be no interaction between blocks for 0, for each block the vector
that minimizesDy(v,) will be chosen by the standard-move algorithm, which i dle
globally optimal solution.

To decrease the energy gagyl must be decreased. However, decreasiM also
a ects the quality o7 since it changes the energy function, which measures thityqua
In other words, although having a tighter bound means Bf&} will be closer toE(V),
it does not necessarily mean thais better, becausethat we are trying to approximate
can be inferior. We need to nd a way to decrea$é without sacri cing the quality ofv.
Reducing M can be achieved by either reducingr M. determines how much the prior
smoothness information is reliable compared to brightneastancy assumption, hence its
design must also take into account the level of noise and oegsn artifacts. Although
setting to zero will make the energy gap zero, it is not desired sineawll not be using
any prior information abou's smoothness. Reducind, (i.e., the maximum value of the
penalty term) will also tighten the upper bound for local immom's energy and it may even
improve the quality off because truncated linear models preserve motion bousdesia
smoothing. They have smalléi values, which means a lower energy gap. Substituting

(7.9 and (7.13 in (7.17), the upper bound is given by
EVW) EW+ K; (7.18)

whereK < M. This shows that using truncated linear models not only awgthe quality
of v by preserving motion boundaries, but also improves theggngap of standard-move
algorithms. Hence, the value &fin a truncated linear model is crucially important in the

quality of the computed.
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7.3.2 Lower bound on the convergence time

Another important aspect of our standard-move algorithaquiglity® is its convergence
time. Fast-converging algorithms make pipelining desigeie& and saves resources in
hardware implementations. To obtain a lower bound on cgareze time, we rst need to

nd the minimum amount of decrease in energy at each itematiet
M= minVpa(Vb; Va); Vb;Va2 S (7.19)
Vb, Va

be the minimum penalty between interacting pairs andAdie the initialv. Then the
minimum amount of decrease in energy per iteratiomis In the worst case, the conver-
gence tov will be achieved via minimum decrease in energy at eachtiteraHence, the

convergence timewill satisfy

EV) BV _.. (7.20)
m

If we substitute the upper bound f&(v) from (7.17), the inequality would still be valid

E(Ww) E(NVW M

m
w % <t (7.21)

Inspecting .21), we can see that the initial energy ga@®) E(v) a ects the lower bound
and it is important to start with a good initial motion-vecteld. To make a fast start, we
obtain an initial motion-vector eld by exploiting non-sia information as described in

Chapte6. If a truncated linear model is used for the penalty functea will haveM = K:

EMV) EM) mE@ ; <t (7.22)
To reduce the lower bound on convergence time, one can éittrease or K. But, K
determines the energy gap between the global and local mmjmvhich must be kept
small. From 7.22, the rst term is inversely proportional to, however the second term is

linearly proportional taK. This shows that increasingwill decrease the lower bound @n

3When we refer to the quality, either in terms of energy gap avemence time, we refer to the worst-case
quality.
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faster than increasiniy. Hence, in order to keep both the energy gap and the convagen
time small, it would be wiser to chooselarger and asmaller K Another factor that
determines the lower boundng which is the minimum penalty between interacting blocks
and it depends on the accuracy of the motion vectors: m i1 ,14 for integer, half, and
guarter-pixel accuracy, respectively. Since decreasingill increase the lower bound,
starting with a quarter-pixel accuracy will result in slownvergence. If the goal is to
achieve quarter-pixel accurate motion vectors, startiitiy Wwteger-pixel accuracy and then
switching to half and quarter pixel accuracy sequentialigirty the iterations, will improve

the convergence time compared to starting the iteratiotisquiarter-pixel accuracy.

7.4 Primal-dual method for energy minimization

In the previous section, we presented a standard-moveyenargmization algorithm that
operates by the minimization given ii.L2 for each block. To analyze its performance,
we obtained an upper bound on its energy gap and a lower bauitgl convergence time.
Using these bounds, we discussed how to choose parametesvalspeed up convergence
to a local minimum that is close to the global minimum of a ddde energy function. In
this section, we present a primal-dual method for motioimegton to further improve the
performance.

As discussed earlier, an energy-minimization algorithmnfiotion estimation can falil
because of a falsely designed energy function or conveegena bad local minimum. The
energy function involves two terms: a data term and a smesthterm. The data term
relies on the brightness constancy assumption and comhiitiedhe translational-motion
model becomes the gray-level matching error. The brigsteesstancy assumption is
violated under noise and artifacts, and the translatior@ian model is not valid when
there is rotation and zooming. Also, when there are repgaiatterns or smooth regions
in the scene, gray-level matching becomes ill-de ned iretefent of the brightness con-

stancy assumption and the motion model. To deal with the igncy of the data term
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for gray-level matching, extra information is required. Bsgaming that the motion-vector
eld is smooth, extra information is obtained. The smoots&rm tries to discriminate
a random gray-level match from the true motion by penaliziagations in the motion-
vector eld. To achieve a smooth motion-vector eld, the bgsay-level match may not
be chosen. Hence, the design of the smoothness term isldrutha design of the energy
function. By using a convex penalty function and correctlpasing the smoothness con-
straint, non-convexities in the data term can be remedidulis The smoothness term not
only helps to nd the true motion by the design of the energyction, but also helps with
the convergence properties of the energy-minimizatioorétym.

Prior works on energy minimization for stereo-disparityiraation algorithms x the
energy function at the beginning@] [76] [67]. We present a joint approach in which the
energy function is updated as the energy-minimizationrélyo progresses by using the
primal-dual method. The primal-dual method is commonlydusedesigning approxima-
tion algorithms since it yields combinatorial algorithrhat have smaller energy gaps and
convergence times/B]. The primal problem of energy minimization is transformatb
its dual problem. After each iteration of the primal probldire dual problem's approx-
imate solution is computed. Then the smoothness term ofrih@pproblem is updated
using the relaxed-complementary-slackness conditiotis the dual problem's solution.
The dual problem tries to obtain the motion segmentatiorhefitnage, hence using the
dual problem solution we can better impose the smoothnesstraint by using not all
neighboring blocks but only blocks that belong to the samé&anabject. With the help
of the primal-dual method, we can use a largesince the smoothness constraint comes
from a more reliable source. Largelimproves the convergence time and the energy gap
between the local minimum and the global minimum as disaibséore.

In the next section we formulate a move as a linear prograne. félmulation allows

for largdsmall or standard moves as dictated by the application.
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7.4.1 Formulation of a move as a quadratic program
We de ne a move as a change of motion vectors to a particuladidate motion vector,
, Similar to the -expansion. A large move can change a group of block's motemtor
to , keeping all other vectors the same as the pre-move motictovesld v, while a
standard-move can only change a single block’'s motion veato.
We formulate the move problem for candidate motion vectas a standard-form

quadratic problem (move-QP)

minX %Dp( )+ (1 Xo)Dp(v,) + " (1 %) Xa)Via(Ve: Va)
b2B fbjag2N
subject to
Xa  Poas  8fbjag 2N
X  Poa;  8fbjag 2N
Xp 0 8b2B
Xp 1 8b 2 B; (7.23)

wherev is the pre-move motion vector eld, is the candidate motion vector of the move,
and py, is the probability ofo anda to be on di erent objectsegmentsx is the variable
of the move-QP, which is in [0 1]. X, = 1 indicates thaty, = , andx, = 0 indicates
thatv, = v,. Forx, 2 (0; 1), a fractional move is indicated, which can be interpretsd
takes on with probability x, and retains/, with probability (1 x,). The advantage of
expressing the move problem as a linear program is that flesdractional moves during
the iterations.

The rsttermin (7.23 is the data term which is a weighted sum of gray-level maighi
errors with motion vectors andv,. The second term is the smoothness penalty for the
blocks that retain their pre-move motion vectors. For angracting block paifb; agthat
retain its motion vectors.@., X, = X3 = 0),  Vpa(V,;V,) is added as an additional cost to

the energy. For a block that updates its vector tds smoothness penalty in the energy
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becomes zero. Hence, two constraints are imposed to actpewial smoothness after the
Move: X, X Pha @NdXy Xy Poa- They are standard-form linear constraints for
X» XaJ  Ppa- Neighboring blocks that are likely to move together aredéorto move
together depending on the probabilipg,, of b andato be on di erent objectsegments.

We next write the Lagrangian for the move-QP ™23,

X X
LOGS: )= %Do( )+ (1 xo)Dp(vp) + (1 %)L Xa)Via(Vp; Va)
b2B fb;ag2N
X
+ bal Xo+ Xa Poa) t an( XatXo Ppa) * %+ (X% 1), (7.24)
fb;ag2N fb;ag2N
where ; , and are positiveLagrange multipliersassociated with their corresponding

inequality constraints.

Lemma 7.4.1 A binary solutiort x of the move-QP corresponds to a move frortow-".

Proof By the de nition of x, v, = if x, = 1, andv, = v, if x, = 0, which means a
change of vectors to while keeping all other vectors same asvin Therefore, a binary
x corresponds to a move from the previous motion vector \eléb a new motion-vector

eld, V-7, which is the solution of our quadratic program.

Using Lemma7.4.1 and the Lagrangian irv(24) yields:

Theorem 7.4.2 The lagrangian of the move-QP with a binary solution x is edoathe

energy, BVeP), if the lagrangian multipliers satisfy

Ppa =0 8fbjag 2 N; st xp = 1;x, =1 (7.25)
ba=0; ao=0 8fb;jag 2 N; st: x,=0; %, =0 (7.26)
ba=0; an(l Poa) = Vbal; Vo) 8fbjag 2 N; st: X, =1, %, =0 (7.27)
ba(l  Poa) = Vba(Vpy )i a=0 8fb;jag 2 N; st:xp,=0; %=1 (7.28)
b=0;, p=0 8b 2 B; (7.29)

where \#F is a move away from v

“4A binary solution is de ned such that each componenx &f either zero or one.
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Proof From Lemma7.4.1, a move fromv to voF is given by a binaryk. Let S%° be the
set of block pairgb;ag 2 N and blocksh, a 2 B, sit: x, = 0; X, = 0. By using .26 and
(7.29 in (7.24), the cost ofS%° in the lagrangian denoted thy(x; ; ; jS°°) is given by
X X
L(x;; iS%) = Du(w)+ Voa(V: Va) (7.30)
b2500 fb;ag2P0
Sincex, = 0 denotes that the previous motion vectorbois preserved after the move,
V" = v, for b 2 S%°. Substituting this in7.30 to get
X X
L(x;; 8% = Dy(vI+ Via(Ve'; V3P (7.31)
b2500 fb;ag2 0
Let S¥! be the set of block paifb; ag 2 N and blockd, a2 B, sit: X, = 1; X, = 1. By using
(7.295 and (7.29 in (7.24), the cost ofS** in the lagrangian denoted ly(x; ; ; jS*!)is
_ X
L% ;5 iS™)= D) (7.32)
b2sLl
Sincex, = 1; %, = 1indicates/y” = v§° =, thenVya(Ve"; V&) = Via(; ) = 0 for any
b;a 2 S*! by the de nition of the smoothness penalty ten#(;). Using these relations
in (7.32
X

X
L(x ;: jS*= Dp(V3) + Via(Ve'; veP) (7.33)
b2st1 fbag25-t

Let S0 be the set of block paif®; ag 2 N and blocks, a2 B, sit: X, = 1; X, = 0. By using
(7.27 and (7.29 in (7.24), the cost 051 in the lagrangian denoted ly(x; ; ; jS*°)is

L(X; - JSl'O) = Db( )+ Da(Va + Vb;a(; Va) (734)
b2SL0:x,=1 a2S0; x,=0 b;89250;X5=1;Xa=0
Xy, = 1 andx, = 0 can be used to simplify the summation by substitut'rﬁ@ = and

Ve = v,
X X
L(x ;; jS¥)= Dp(veh) + Via(Ve; Ve (7.35)
b2S10 fb;ag2sto

L(x; ;; jS®) can be derived similartb(x; ; ; jSt°) by using 7.28.
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: 1S 1S 0SS . . . . .
SinceS%0 ~ ST S0 ™ SOlincludes all blocks iB and all interacting block pairs in

L(X 5 LG5 JS™)+L(x;; jS™+L(x;; S™)+L(x;; 8™

~
1

E(VRP) (7.36)

7.4.2 Sub-optimality of the energy

Theorem7.4.2 shows that for a specic choice of the Lagrangian multigiethe La-
grangian of the move-QP problem is equal to the energy untd@raay move. The con-
ditions for the Lagrangian multipliers for this equality ynaot be the best in terms of
convergence and energy function design, because the Lgignamultipliers are chosen
without utilizing any information learnt from the iteratie on the motion-vector eld. By
intelligently choosing the Lagrangian multipliers, cabttions of the constraints in the
Lagrangian can be better adjusted. This will especiallyroue the application of the
smoothness constraints for blocks that are in the vicirigy motion boundary.

Another justi cation for the sub-optimality of the energgofm a theoretical point of
view is as follows: As discussed before, an appropriatecehfar hardware friendliness is
a binary move, that is to evaluate the enéiggrangiaf using a candidate motion vector
and update the motion vector taf it results in a smaller Lagrangian. Hence, a binary solu-
tion of the move-QP problem is desired, but the optimal soubf the move-QP problem
will be fractional as long apy,'s are not integersie., 0 or 1)[78]. An obvious technique
to deal with this situation is to solve the linear program #meh convert the solution to a
binary solution via rounding, which is calldd’-rounding[78]. Fractional moves are the
solutions of the linear program and give tighter lower bautidhn binary solutions. If the
roundingoperation does not increase the cost of the move-QP problgch the approxi-

mate algorithm will perform well. Unfortunately, a lineargblem is complex and dicult

SFrom this point on, energy and Lagrangian will be used exgkably, but Lagrangian is used more often
while discussing move-QP.
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to implement in hardware. A more appropriate approach wbeldo use the dual of the
move-QP problem in the design of the algorithm. In combinat@ptimization, this is
called theprimal-dual schem@?]. This technique constructs a feasible solution of the dual
problem and an integer solution of the primal problem ifeedy. Since a solution of the
dual problem also provides a lower bound on the primal prolidg theweak duality one
can compute a feasible solution for the dual problem rstjchihthen, can be used to nd
the corresponding primal solution via themplementary slackness conditigk

Our method diers from the primal-dual schema by the way the complemestack-
ness conditions (CSCs) are utilized. In the conventional @Fithial schema, CSCs are
used to obtain the integer primal solution from the dual sofu However, we desire to
design auniformalgorithm in the sense that we want to have one type of cortipntker-
nels, which iteratively update the motion vectors by substig in the energy. Iterations
of the same forms of energy function are more suitable foalfggimplementations rather
than an approach that involves minimizing an energy folldblge solving the CSCs. In our
method, CSCs are used to infer if a constraint of the move-@ghor slack A slack con-
straint means it is satis ed and a tight constraint mears saitis ed with equality. Hence,
by using the dual feasible solution and the CSCs, the Lagrangidtipliers can be com-
puted. Compared to choosing the Lagrangian multipliers asigal by the conditions of
Theorem?.4.2in an ad hoc manner, our primal-dual method uses the featiallesolution
to determine the Lagrangian multipliers, which is then usetie Lagrangian that is to be

minimized. We present the dual problem of energy minimaratn the following section.

7.4.3 The dual problem
We start with rewriting the move-QP problem in.23 in matrix form for a more compact

representation. The primal problem is
minc'x+c (1 x)+(1 x"W1 X (7.37)
X

subject to
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wherec; ¢, x 2 R¥, W 2 REIB p 2 RN andA 2 RN 8 sych thatc, = Dy( ) and
Co = Dp(v,), Wij = Viii(v, ;vp); 8fi;jg 2N, andAq = 1; A= 1for anyk!" pairfi; jg 2 N.

It is straightforward to construct the remaining vectorgtsat the above problem is equal
to the original move-QP problem. This is a non-convex quac@timization problem

sinceW 0. The Lagrangian can be formed similar 34):

L(x:;; )=c'x+c'(1 X+ X™W@L X+ "(p AY T"x+ "(x 1)
=cc 2 1I'w A Tx+xwx Tp "1
=mx+xWx Tp T1 (7.38)
wheremis substitutedfoc ¢ 2 1'™W AT for compactness. One can see that

because of the way the constraints of the primal problemtdieed in the Lagrangian, the

Lagrangian is always smaller than the primal problem'’s cioje
L(x:;; ) c'x+c'(1 x+(1 X'™WL x); (7.39)

given thatx is a feasible point in4.37).

The dual function is a minimization o7 (38 on X,

9(;: ) = infL(x;; )
g
§1=4mTWym T ™1 ifw 0O;m2RW)
- § (7.40)
1 otherwise,

which is derived by setting the gradient of the dual functiorzero since it is a convex
guadratic function ok. There are two conditions for the dual function to exitmust be
positive semi-de nite and the vecton must be in the rangR(W) of W. It is straightfor-
ward to show that the dual function provides lower boundshennhore complex primary

problem's optimal value by observing.@9 and (7.40.
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Then the dual problem is the maximization of the dual functio
max 1=m'Wm Tp 1 (7.41)

subject to W 0 m2 RW):

Contrary to the primal problem, the dual problem is a conveltrdpation problem, how-
ever we are looking for a feasible solution of the dual prohleot necessarily the optimum
solution. A feasible solution of the dual problem will be dge infer about the constraints
of the primal problem.

The rstfeasibility condition requires tha¥ is positive semi-de nite W is a symmetric
matrix withWi; = Vi;j(v;;v;); 8fi; jg 2 N. Its elements are the penalty of variationy fior
the interacting pairs ilN . Hence, positive semi-de niteness \bf depends on the problem
speci ¢ penalty values derived from the motion eldand the neighboring blocks that are
assumed to interact. For example, it is easy to see that by tsb immediate neighbors
only, W will never be positive semi-de nite regardless of what teaalty values afe This
shows that four-connectivity neighborhood is a minimurruisgment for the dual problem
to exist. An eight-connectivity neighborhood will make ttieal problem more likely to
exist, which will still depend on the.

The second condition of dual feasibility is
m=(c c 2 1'w A’ ) 2 R(W)

Sincel™W is in the range oW if we set the remaining terms to zem,will be in R(W).

Hence,

A

0=c c AT

= ANlc ¢ ) (7.42)

6]t is straightforward to construd¥ using only two horizontal neighboring blocks and show that hot
positive semi-de nite sinc&V will be a symmetric tri-diagonal matrix with all its diagdnelements zero.
Any x with alternating 1s and 1s as its elements will maké Wx 0
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whereAY is the pseudo-inverse &. is set to zero in the second equation, because the
dual function that we want to maximize is a decreasing famctf 7. SinceAY(c )

can be negative, the non-negativity assumption aquired for the derivation of the dual
function can be violated. Hence, we need to clamp its commsne zero from below.
Since is unknown, one can chooseto minimize the need for this clamping operation.

At any rate, we can rewrité/(42 to get the dual feasibiltiy condition (DFC)
A k
= A o ; (7.43)

wherebcdenotes the clamping operation applied to each component.

Using a feasible solution of the dual problem, we can understand if the constraints of
the dual problem are loose or tight, which can be used to segdehe energy function for
the next iteration. This relation betweerand the smoothness constraints, and also how it

will be used for energy re-design is presented in the nexisec

7.4.4 The primal-dual relation
First, we describe a method to solve forTo have a unique solution for the DFC equation,
AY must be well-de ned. However, by the way we de ned the coaisiis in the move-QP

each block paifa; bghas two constraints

Xp Xa Pba

Xa %o Pba:

These two constraints constitutes two column vector&'ofwhich are identical (one
points in the inverse direction). To solve f& = (AA") A, AAT must be invertible.
However, depending on the neighbor Betwe may end up with a rank-de cie®A'. To
avoid this, it would be logical to eliminate one of the coasits, since only one of the
constraints will be binding. For any of the two constrait®é binding, the left side of the

inequality has to be negative. Hence, we can cheek # 1; x, = 0 is more likely so that

"We note that = 0 does not necessarily produce the optimal solution of tlz poblem.
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Xo Xa Ppa CaN be eliminated or ik, = 0; X, = 1 is more likely so thak, Xy Pba
can be eliminated.

We propose using the data terms to check the likelihood,cf 1;x, = 0 andx, =
0; X, = 1, because at this stage we do not know what the solution géribldemx is . If
Do( ) + Da(v,) > Dp(v,) + Da( ) then the rst inequality will most likely be not binding
and therefore can be discarded to achieve a uniqfoethe DFC.

To nd a relation between and move-QP constraints, we utilize the dual complemen-
tary slackness conditiorg[ If the complementary slackness conditions are satisaay,
feasible solutiorx of the primal and of the dual problem are optimal. The dual comple-
mentary slackness condition is given below

Dual complementary slackness condition (DCSC)

Either pa= 00rApaX = Poa; (7.44)

wherefb; agis any block pair and\,, is the row for the constraint associated with. The
complementary slackness conditions are important in tsgdef e cient approximation
algorithms for complex problems, which try to improxeand by modifying them in a
way that more of their components satisfy the complemersiagkness conditiong].

Our goal for applying the primal-dual method is to re-deslggenergy function, which
corresponds to the lagrangian of the primal problem. Thelagjan is showed to be equiv-
alent to the energy function under the conditions on thealagian multipliers given in
Theorem7.4.2 However, our choice of the constraints were imposed fothalblocks
pairing with a block, independent of the motion segmentasioce the unknown motion-
vector eld vis what we want to estimate. Fortunatelyreveals some information on the
connectednessf blocks with their neighbors based on their motion by the oSDCSC.

DCSC dictates that if is non-zero, then the constraint is binding and must be edtis

8For a standard-move algorithm elimination of one of the twoaions between two blocks happens
inherently, which will be discussed in Section 7.5.1
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with equality. If the constraint was relaxed, the intenagtblocks will choose dierent
directions. This implies that the two blocks are onelient objects or object segments that
are moving in di erent directions. Hence, the constraint that is bindingisicting with

our smoothness afassumption, and should be imposed less by decreasing irsocdion

in the energy. To this end, the lagrangian multipliers mustriversely related to, for
example by multiplying with a functiori(") that is decreasing with and has range [Q].

Hence, by DCSC we propose to update thalues as given below
EaCSC: f(Aba) ba (7.45)

where” is a feasible solution of the dual problem given 43, and f is a decreasing
function of . Replacing lagrangian multiplier with P¢S€and substituting = 0 from

the solution of the dual problem, lagrangian hZ4) becomes

X X
L(%;; )= XDp( )+ X)Dp(v)+ (1 %)L Xa)Via(Vp; Vo)
b2B fb;ag2N
X X
+ DS Yo+ X Poa) ¥ Y Xat X Poa) * oXo:  (7.46)
fb;ag2N fb;ag2N

If values are chosen to satisfy the conditions of Theoreft the lagrangian will boll
down to the energy with the addition &f ,,) multiplying the smoothness constraint be-
twenb anda,

X X

E(V) = Do) + f("ba) Visa(Vo; Va): (7.47)
b2B fb;ag2N

The above energy formulation does not isotropically erd@smoothness constraint,
but adapts the weights of constraints in the energy withriédion derived from the data
via the dual problem. This will enable us to obtain an eneuypgfion that is more powerful

to explain desired motion vectors across object and segboemtdaries.

7.5 A hardware-friendly standard-move algorithm

As mentioned in Sectio7.3, a standard-move can change one block's motion vector.

standard-move algorithms have less computational contykexd are easier to implement,
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rendering them as perfect candidates for use in consuméugi® In this section, we will
design a hardware-friendly standard-move algorithm fotiomoestimation based on the
results derived in previous sections.

To achieve a real-time algorithm, we want to minimize comipyewhenever possible.
A four-connectivity neighborhood.€. horizontal and vertical neighbors) is the smallest
neighborhood for the dual problem to exist as obtained irti@ed.4.3 Therefore, we
choose to use horizontal and vertical neighbors for the shmess cost, which is denoted
by N 4.

In the following we discuss the necessary simpli cationsathieve a standard-move

version of the lagrangian given i@.46) that uses\ 4.

7.5.1 Simpli cations on the energy
Similar to Section7.3, we start with removing the terms in the lagrangian that ae n
a ected by a standard-move. We only keep term§ia4) that involveb to nd the energy
contributed by it:

X .

En(V) = D(V) + f( o)V (Vs Vi); (7.48)

i2Ng

where we discontinue to use the subscripDgf by assuming that the data term for each

block is the sameg(g. sum of absolute deviations). Also, the subscripV¢¥is dropped
since its response to a speci ¢ block pé#ir agis captured inf( ), which is satisfactory
for our purposes.

To obtain the best standard-move fprall possible moves should be searched to nd

the one that minimizeEy(v), hence, optimal standard-move fors given by

arg minD( ) + § FCV(; v): (7.49)
i2N4
Using N4 as given in Figurer.1(a) there can be eight constraints obtained from the
four pairs (.e. two per pair). Since we are designing a standard-move #tgoyifor each
b2 Band 2 S, we should see ik, is one or zeroX, = 1 denotes thab will change its

vector fromv, to ). By allowing for the four neighbors to have fractionavalues, while
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’Uf]_

’Uf2
Up1
Up2
Uh1 Vi1
Uh2 Vi2
(a) Neighbors ob for smoothness (b) 18 candidate vectors

Figure 7.1.Blocks a; c;d; e are used to enforce smoothness, while best two vectors of bl in Ng in
addition to best two vectors ofb form S° which is the set of candidate vectors for the standard-movef

b. The blocks used for smoothness is shaded gray.

substitutingx, = 1 in the lagrangian implies that only one of the two constseacan be

binding, which are

0:2
0:2
0:2

Xa Xp Poa
X Xp Poc
Xd Xp Pbd
X X Phe
The constraint matripd, andAY are
000 1 408 02 02
P 100 it | 02 08 02
010 1} H02 02 o8
001 15 %02 02 02 08

0:2
0:2

; (7.50)
0:2

0:2

whereA's columns from left to right represemtvalues fora; c; d; e; andb, respectively.

Substituting 7.50 in (7.43
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da db dd de

: (7.51)
da db dc de
da db dc dd

whered,isc, Cy anddyisc, Cp, etc.

The analysis of 's response to dierent motion-vector scenarios shows that it changes
consistently with our expectations. For example, if thedidate vector does not apply
well to blocka, c, will probably be larger thae, (i.e. d, > 0), and if at the same time it
applies well to the other blockdi(c;d; €) (i.e. dy;de;dy;de < 0), than 4 is signi cantly
larger than zero. By the DCSC, this implies that its correspandonstraint is binding.
Following the arguments in Sectigh4.4 this is re ected in the design of the energy func-
tion by decreasing its weight viZ 45. This means that the vectors gfd, ande are
mostly utilized to impose the smoothness constrainvonota. As a second example,
assume that does not apply well td; c; d, ande, which would requiredy; d¢; dg, andde
to be greater than zero, which, in turn, would indicate a Ena},. This will imply that
the corresponding constraint betwdeanda will less likely be binding, hence its weight
will be larger than in the previous example. To summarizéheén rst exampleawas on a
di erent object thab and it moves with a vector other thanbutc; d, ande were on the
same object withb and they move with a vector that is close toHence, they were used
to derive the required smoothness information, aoln the second example, none of the
ve blocks' motion could be explained by, and therefore the smoothness constraints were
applied isotropically. One nal note is that if a candidagxtor applies well tdo (d, < 0),
the chances of decreasing the weight of the constraintsymés. a good candidate will

less likely be rejected because of an overweighted smosshoust).
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7.5.2 Further simpli cations on the algorithm

In the previous subsection, we have derived the energyiimédr a standard-move and
its weights as given in7(49 and (7.51). The smoothness cost is adapted according to the
information obtained from the dual problem that runsNnto account for cases where
smoothness can not be enforced isotropically. This regtirat only blocks ifN 4 are used

to enforce smoothness. Although these simpli cations oedilne computations, we need
further simpli cations for speeding up a hardware implertation. Next, we present some

simpli cations on the algorithm.

1. standard-moves are the least complex moves, but we s@tl to reduce computa-
tions since standard-move algorithms @@§SjjBj) complexity as discussed in Sec-
tion 7.2, andjSj is a large number because the search win&ofer the vectors is
desired to be large to cover big motions. The number of blo@sis determined
by the image size, however, the number of possible motiateve can be reduced
intelligently. In Section7.1.5 we discussed starting with an initial motion-vector
eld, v°, that uses non-spatial prior information from previousrfeaor a coarser
resolution. Starting the standard-moves with a gagdwill speed-up convergence
to a good local minimum while avoiding getting stuck at bachlominimums. Us-
ing the hypothesis testing techniques presented in Chéptere can search for an
initial motion-vector eld by minimizing 6.20. This is a bi-criterion cost function
that consist of a data term for block-matching and a term feasaring the distance
from a previously obtained bias vector, which adaptivelpglzes deviations from
the bias vector. Fortunately, one can use the results ofvddtor search irs for
creating a reduced candidate vectorS¥that is signi cantly smaller thai$. Since,
an exhaustive search in a window for creating the initialiorevector eld samples
the cost curve, it reveals information about the locatiog@dd candidate vectors.
By keeping track of vectors that produce a small cost in theckefar v°, S can be

limited to S°. To achieve a smaJBY, a simple yet eective method is to represent
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the cost curve of@.20 by picking two best vectorsy; viz) from this minimization
for b. Oftentimes, since the blocks are smaller than objectss#émee vector can
describe the motion for more than one block in a locality. ¢tsrwe populates®
by also using best two vectors from blocks in its eight-catingy neighborhood,
which makegS% = 8 2+ 2 = 18 in total, as shown in Figuré.1(b) This intro-
duces a scalability to our solution sinB&is xed in size, independent of the search
window siz€jSj. The standard-move problem given ih49 for b becomes

X A

argminD( )+ fCo)V(; W) (7.52)

i2N4
After the rst round of standard-moves over all blocks, irethecond roun®? is
updated using the results of the previous round instead iofyysreviousS° one
more time. As standard-moves re mecandidate vectors should also be improved by

using the updated vectors from the previous round so thaestavbetter candidates

are considered.

. Avoiding data latency aradr synchronization is crucial for hardware-friendliness.
Neighboring blocks' vectors are used in the smoothnessardbey are used as can-
didates to search for the best standard-move. This can levadhwith a recursive
implementation so that a block waits on some of its neighgphlocks to update
their vectors. However, this will introduce delays in themgutations. For exam-
ple, for an implementation on a GPGPU, one needs to minimjnelsonizations
between dierent thread blocks, which requires access to device me(@&RAM),
and maximize use of on-chip memory (cache). To do so, it ieb&i launch a kernel
for each round of standard-moves. At each round, threaksbhdl bring the data
from DRAM to cache, and work on it independent of the otherdtrblocks and
other threads in the same thread block. This will minimizediinchronization needs
and idle waiting times. The results will be written back to DRRAfterwards. By

launching a new kernel for the next round, all thread bloclisa® using the updated
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v without having to synchronize between thread blocks, wisch di cult and an

ine cient process since GPUs are designed to exploit parafjetighims that does
not need much ow control. Therefore, we make another simglion by using\®,
which is the previous round's motion-vector eld, for ndinthe moves to create
Vv which is the next round's motion-vector eld. This way, thaégorithm will be
iteratively working onv. Hence, each round of standard-moves over all the blocks is

called aniteration.

. Another simpli cation would be to reduce the search wwd8&, used for creating
the initial motion-vector eld\?, to further reduce computations. However, reducing
the search window used iA creation will restrict our candidate s&, for standard-
moves to smaller motion vectors sing8is derived from the results . To be
able to nd large motion vectors while reducirt§, a hierarchical motion search
can be utilized. Starting with a coarser resolution and allsmsearch window,
standard-move iterations can be formed to re ne vectorfhi@tcbarser resolution.
The coarse resolution vectors can then be used to centehsgedows in the ner
resolution. An important problem that would arise from gsahierarchical motion
search is to choose the course resolution vector that igydoibe used to center the
ne-resolution search. For example, using down-sampligigvizo to create a half-
resolution and a full-resolution image, each full-resoinitblock will occupy one
quarter of a half-resolution block, which can cover elient motion segments and
objects in it. To solve this problem, half-resolution bleakust be partitioned into
guarter-blocks and their vectors can be re ned using stahdeave iterations to re-
ne the motion-vector eld. After these re nements, quartglock vectors from the
half-resolution can be used to center the search windowaslbfesolution blocks.
Since a quarter block in the half-resolution will have thensasize with the corre-

sponding block in the full-resolution, the centering agmto will be more robust.
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7.5.3 Some heuristics for fast convergence

In the previous sections, we managed to obtain a low-contiplésrative energy-minimization
algorithm, which also updates the energy via the dual prolds iterations progress. In
this section we will introduce some heuristics for speedipghe convergence time to a

goodlocal minimum.

1. To restrictS to S° for nding the best standard-move, we proposed to use best tw
vectors of blocks ifN g, instead of trying all possible vectors in the search window
To make this reduction to two best vectors more robust, oneenéorce a minimum
distance between them. This way, we will better subsam@ectist in the search

window and avoid picking twéadlocal minimums that are close to each other.

2. SO consists of 18 candidate vectors, and 9 of these vectorseaond best vectors
that minimize the bi-criterion cost to utilize non-spaiiaformation from the previ-
ous frame or resolution. Candidate vectors are used to nd#st standard-move
by minimizing the energy in1.52. The smoothness cost component of the energy
is obtained using the vectors of blocksNny. But using the rst-best vectok,;, of
a blocka 2 N4 in the smoothness cost, we will be favoriag against its second-
best vectory,,, sinceV(Va;Va) = 0, butV(vai;Va2) 0. Due to violations of our
translational-motion model and brightness constancymagsan, it is sometimes the
case that second-best vector is actually the true vectora8us re ned it may turn
out to be the rst-best vector after the iterations are resh Hence, one needs to
enable the second-best vector to survive the picking4vestvector process through-
out standard-move iterations by permitting them to contabn the smoothness cost
too. By doing so, a local minimum caused by more than one wraagov in a lo-
cality can be overcome as iterations progress, and thidesaldaster convergence
to a better local minimum. However, the weight of the secbasdt vectors must be

less than the rst-best vectors, since rst-best vectoesrapre often the true motion
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vectors. To do so, the standard-move problen¥ib?) for b is changed to
_ X R X R
argminD( )+ 1 f(w)VE Vi) + 2 TCw)V( Vi) (7.53)

i2Ng i2Ng

where 1> .

. As discussed in Sectioh3, choice of andK is important to minimize the upper-
bound of the energy gap between the local minimupreached at the end of iter-
ations, and the global minimurm, Also, the lower-bound of the convergence time
from\° tovdepends on andK. The derivations showed that a largesind a smaller

K should be desired in the choice of the parameters to imptw&ettwo important
performance measures. However, starting with a largeay force moves to a bad
local minimum since® may have bad local minimums and may cause the rejection
of all moves to a better local minimum. For example, when nadghe vectors
in a locality are wrong, smoothness cost will be punishingg tmotion vectors by
dominating the data term due to a largeOne can avoid this situation by starting
with a smaller that allows moves to true motion vectors, and increase ihastt
erations progress to attain a smaller upper-bound on thegegap, and a smaller
lower-bound on the convergence time. One should note tlcatasing with the
iteration count can also be justi ed by using the equivalebetween the energy and
a posterior probability as described in Sectioh.3 As the iterations progress amnd

is re ned, the prior information becomes more reliable, #melprecision (inverse of
scaldvariance) of the prior distribution can be increased by gisitarger . How-
ever, can not be increased inde nitely, since this will cause theesthness cost
to dominate the data term in the energy. Hence, one can choase function of

iteration numbert, as below
()= 1de’; ()= ode; (7.54)

wheredé represents clamping from above To By increasing the weight of the
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smoothness cost, which is a convex term, the likelihood tdrgestuck at a local

minimum is reduced.

. As discussed in the third simpli cation of the previoussaction, hierarchical mo-
tion search requires the coarse-resolution blocks to lgipaed into quarter-blocks.
By re ning the quarter-blocks using standard-move itenagitoefore passing to the
ner resolution, motion search in the ne resolution becameaore reliable. To im-
prove the quality of quarter-block vectors, one can use idanel vectors from the
previous frame's motion vectors. Using only vectors of tharse resolution blocks
to produce quarter-block vectors, it would be dult to nd the motion of objects
that are smaller in size. In such a case, a block will be cagemore than one ob-
ject, hence its vector can be corrupted. But a previous framel motion vectors
could have already solved this problem by partitioning istoaller blocks. Also,
using candidate vectors from the previous frame will insegthe robustness of the

algorithm since the motion of objects tend to change smypatHtime.

The rst and the fourth heuristics help to speed up the cayeece by increasing the

quality of the candidates for standard-moves, the secoddtard heuristics modify the

energy function to to be able to choose better moves, andrathee the weight of the

non-convexities by increasing the weight of the convex term

7.5.4 Proposed motion-estimation algorithm

In this section, we present the complete algorithm by briggogether the necessary equa-

tions, simpli cations, and heuristics from the previoustsens. A block diagram is givenin

Figure7.2 and the pseudo-code is given in AlgoritlBmOur proposed motion-estimation

algorithm is a hierarchical motion-estimation algorithnat uses a full-resolution and a

half-resolution image produced by down-sampling the feflelution image by two. The

algorithm uses motion information from the previous framé¢ used in half-resolution's
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Half-resolution

Create v°

i

Iterate

Partition to

quarter
blocks

Full-resolution

Create v°

i

Iterate

Partition to
quarter
blocks

- |

Current frame’s
motion-vector field

Previous frame’s
motion-vector field

Figure 7.2.Block diagram of the algorithm

motion search, and candidate set creation for partitiotorguarter-blocks. After the half-

resolution vectors are nalized, full-resolution motime<ctor processing starts. Below, we
give some explanations with the corresponding line numimetise pseudo-code given in
Algorithm 2.

Line 5: For each half-resolution block, a motion search is pergrto pick the two
best motion vectors with a minimum distance criteria to mize a cost. Bias vectors in the
cost are chosen from the previous frame using hypothegiadeand their weights in the
cost are adapted with how well they apply to a block. Use o bectors help in the cases
of low detail areas and repeating structures, where brggsticonstancy assumption does
not work well, and also under rotation and zooming, wheredliaional-motion model is
not valid. These issues are discussed in Chépter

Lines 7-12 The initial motion-vector eldv® is re ned usingN standard-move itera-
tions. Candidate vectors 8®°is used to pick the best-two standard-move for aci’
consists of 18 vectors obtained from a block’s and its eggintnectivity neighbors' best-

two vectors. Smoothness cost is computed using the prei@asion's vectors to speed up
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execution time on hardwares, which is discussed in Segtidr2 Smoothness cost is de-
rived from blocks in four-connectivity neighborhood andg¥gs of the neighboring blocks
is adapted using information from the dual problem. Sedoest-vectors also contribute to
the smoothness cost, but to a lesser extent than rst-besvrge( ; > ,). These choices
are made to enable a faster convergence, and breaking asraybfrd local minimums,

which are discussed in Secti@b.3

Algorithm 2 : An iterative motion-estimation algorithm
Input: Previous and current imageg;c
Output: Final motion-vector eld:v

1 Initialize 1, o, K, T,d™" N;

2 SetR = fHalf-resolution Full-resolutiorg

3 foreachr 2 Rdo

4 Initialize D() usingp andc for r;

5 Pickv2;vo, s.t.jve,  Vvo,j > d™" by minimizing .20 for each blockb;

6  Setv’to;

7 while t < N do

8 foreachb 2 Bdo

o Vot Vood = X X
argmir2 D( ) + rde’ OV Vi) + 2d€ FCo)V(; VD)

i2Ng4 i2Ny4

10 end

11 Setwto V°

12 end

13 Updatew® by partitioning into quarter-blocks;
14 while t < N do

15 foreachb 2 Bdo
Y . .
argmir? D( ) + rde’ VG V) + 2de FCR)V( VY,
i2Ng4 i2Ng4
17 end
18 SetvPto V°
19 end
20 end
21 Set\?

Line 13-19: Each block is partitioned to quarter-blocks so that a hegitution quarter-
block matches with a full-resolution block in size. This Miicrease the reliability of the

centered motion-search in full-resolution. Also, paotiing to quarter-blocks increases

99



the quality of half-resolution vectors in general, sinceélma smaller block size block-
based translational-motion model is less problematic ébatron, zooming, and motion
boundaries. Vectors from the previous frame are also usedratidates during the parti-
tioning, which increases the robustness of the algorithgemeral and especially helps in
the case of small objedtsegments. These issues are discussed in SethoR After the

partitioning, standard-move iterations are again appbe@ ne further, before passing to

full-resolution.

7.6 Experiment Results

In this section, we present experiment results using thpgsed algorithm to investigate
good parameter values for the energy, and its minimizatiarstandard-move iterations.
We do not use a quantitative measure for assessing theyqaélihe produced motion-
vector eld, but rather give visual results depicting the tron-vector eld, and try to
analyze its sensitivity and behavior with respect toedent algorithmic blocks and their
corresponding parameters. We believe the best qualityssisgnt is human-eye inspec-
tion, since any quantitative quality measure tries to ustded if the motion-vector eld is
good or not and this is in fact another formulation of the mietestimation problem we are
trying to solvé.

The implementation used to produce the results operate agasmdown-sampled by
two via pixel dropping. The down-sampled images are fudliation images, another
down-sampling is performed after low-pass lItering, whiphoduces the half-resolution
images. Hence, an 8x8 block in half-resolution correspomds32x32 block in the original

scale: 64 pixels are used to compute the SAD measure instd@@6 pixels.

9A variant of this algorithm will be used in NVIDIA's driversof frame-rate up-conversion, and the results
presented in this section are chosen based on large numérpe&iments.
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7.6.1 A walk-through of the algorithm

We start with a walk-through of the algorithm by presentingermediate motion-vector
eld results. The motion-vector eld is used to modulate ttleroma signal in the image,
which makes it easier for the observer to asses the quality.

The half-resolution motion-vector eld for the full-bloskHR-FULL) is given in Fig-
ure 7.3(a) which is re ned using standard-move iterations on top & thitial motion-
vector eld created using non-spatial information. At tetage, motion vectors are coarse,
and the object boundaries are completely smeared. Howbeamotion-vectors are robust
in the sense that they show the general trend of an object®mwithout any outliers.

Figure7.3(b) shows half-resolution quarter-blocks' (HR-QUARTER) motieectors,
which are produced by partitioning full-blocks into quastdocks using HR-FULL motion-
vectors and previous frame's motion-vectors. Quality ipriaved and motion boundaries
become more visible. One can see that some “colors” that @irgisible in HR-FULL
appears in HR-QUARTER. The reason is that candidate sets fotiguaing also include
previous frame's motion-vectors. These vectors may notbéable in HR-FULL, since
they probably belong to small object segments that can meiveun HR-FULL, however,
they were available in the previous frames's nal motiorctae eld.

Using HR-QUARTER, the motion-vector eld of the full-blocks full-resolution (FR-
FULL) is created. First, a motion-search that is centerediad and biased towards HR-
QUARTER motion-vectors is performed. The initial motioeetor eld created as a re-
sult is then re ned using standard-move iterations, whien te seen in Figuré.3(c)
One can see that the “color” is richer than HR-QUARTER becangton-search at full-
resolution stage is performed on blocks that are four timeallsr than the blocks in half-
resolution. However, with smaller blocks SAD measure sames becomes less reliable
since a smaller block random matching are more likely to nc&or example, a purple

block appear in the occlusion area between the two left-saldiers.
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Next, full-resolution quarter-blocks' (FR-QUARTER) motismector eld given in Fig-
ure7.3(d)is obtained using FR-FULL motion-vectors via partitionirgjiéwed by re ne-
ment iterations. The motion boundaries is improved sigantty compared to FR-FULL
boundaries. Fine objects like the middle soldier's ri e H@sen resolved because the rie
is too thin for blocks in FR-FULL and therefore its motion wased with the background
motion in FR-FULL motion-vector eld. However, FR-QUARTERGdk sizes were small
enough to distinguish the ri e from the background, hence titue motion-vectors from
the body of the soldiers idi usedonto the ri e via standard-move re nement iterations.
Also, the purple block at the intersection of two left-mostdéers is corrected due to a
better applicability of block-based translational-matimodel on smaller blocks.

The nal step is one more partitioning and re nement to geadar-quarter blocks
in full-resolution (FR-QUARTER). As in the previous stage, motion boundaries are im-
proved even further with ner block sizes. The motion bounesfollow the object bound-
aries closely and one can guess the objects by inspectingatien-vector eld in FR-
QUARTER given in Figure7.3(e) In Figure7.3(f), a composite image is obtained by
combining the motion modulated chroma channels with therance component of the

original image.

7.6.2 Sensitivity analysis for

The choice of smoothness cost cagent, , is crucially important since it determines the
contribution of our prior information at the expense of d&aeviously, by analyzing our
standard moves we deduced that largealues are necessary to minimize the inevitable
energy gap between the converged local minimum and the Igioimemum and also to
minimize the convergence time. However, largealues may prevent the minimization to
break away from bad local minimums of the energy in the ihitiation-vector eld. An
example for this situation is given in Figurebusing HR-QUARTER stage results. We use
the condition ; =4 ,, since ; > ,isrequired as discussed before. For= 12BSj (jBS]

is the block size), some strong bad local minimums creatéteimitial motion-vector eld
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prevent the algorithm to jump to other solutions. These badliminimum are created due
to the ill-posed nature of intensity matching. For exampde bbcal minimums can be
created due to repeating blinds, which may favor vectorsrtach a blind with another
blind, as seen in the case of motion-vectors representede@n@reas in Figuré.4(a)and
Figure7.4(b) Also, bad local minimums can be created due to other sowifags ciency
in block matching. For example, motion-vectors tend to algng a strong intensity edge
caused by a small eigen-value of the correlation matrix efititensity gradients in a lo-
cality (i.e. the aperture problem). In Figuie4(a) Figure7.4(b) and Figure7.4(c)cyan
regions on the blind appear because motion-vectors slificaly parallel to the blinds.
Both of these two local minimums become weak i chosen small. For = 0:5 all the
standard-moves succeed in breaking away and converge ttea lloeal minimum shown

in Figure7.4(d)

7.6.3 Sensitivity analysis forK

Our proposed algorithm thresholds the motion-vectoedences t& for smoothness cost
computation. Smalk values improve the energy gap and convergence time in addi
preserving motion boundaries as discussed before. HoyexesmallK values does not
distinguish between small and big motion-vector efiences and therefore is only good
when the solution of the minimization problem is restrictedbinary values. In Fig-
ure 7.5(a) results are produced by settikgto 64, which causes the motion of the back-
ground seen through the jeep's glasses to be merged witledipesjmotion. However, its
motion-vectors are preserved by usikg= 4, as seen in Figuré.5(b) By settingK = 1
the motion boundaries are preserved slightly better atakseaf preserving wrong motion
boundaries: the motion-vector eld looks less smooth, aohe wrong motion-vectors

survive.
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7.6.4 Sensitivity analysis w.r.t the number of iterations

In our implementation we kepd, the number of iterations constant for all the algorithmic
blocks, namely, HR-FULL, HR-QUARTER, FR-FULL, FR-QUARTER, and ER)ARTER.
For lowering the computational complexity, it is better teoose largeN when there are
fewer pixel blocks, and to choose a smal&rwhen there are more pixel blocks. If we de-
note the number of blocks with, n,, Nz, N4, Ns With respect to the order given above, then
ns = 4n,, Ny = 4ng, N3 = Ny, N, = 4ny, hence, the cost of 1 iteration in FR-QUARTER
about the cost of 64 iterations in HR-FULL. By choosing moresitens in lower stages of
the algorithmic ow, we can get computational complexityloetions. In addition to this,
the overall quality of the motion-vector eld may also be iroped since each algorithmic
block uses the results of the previous algorithmic blocker€fore, a quality improvement
in the earlier stages of the algorithm can propagate to kEtegges and improve the nal
quality signi cantly. Figure7.6(a)is produced by xing the number of iterations of all
stages to 5rs = ny, = N3 = N, = ny = 5). Using the above relation on the number iterations
at di erent stages, it can be seen that one iteration of FR-QUARSERuivalent to three
iterations of HR-QUARTER plus four iterations of HR-FULL. H=#) we can decreasg

to 4, and increass, to 8 andns to 9 and still have approximately the same computational
complexity. The results for this con guration is given ingdire 7.6(b) The quality has
been improved, and some bad local minimum created at oodaseas has been removed
via more iterations. Since our proposed energy functiomga with the help of (")
anddeterms as the iterations progress, more iterations succegwdify the energy to

eliminate the observed bad local minimums in Figaé(a)

7.6.5 Analysis off ()

The spatial smoothness cost contributed from each bilaokthe neighborhood ob is
modi ed with f( ;) so that blocks on dierent objects and segments will contribute less
to the energy. In addition to improving the quality aroundtim boundaries this will also

speed up the convergence by formulating an energy fundtiaincan better t to data by
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modeling motion boundaries. The results in Figdré(a)and Figurer.7(c)are produced

by settingf (") = 1, while Figure7.7(b)and Figure7.7(d)are produced by computing;

C [X§

-+ 05,

from (7.51) as a feasible solution of the dual problem and choosifg =

whereC is a constant anﬂg denotes clamping from below to zero and from above to
C. f(x) is designed to have a minimum at 0.5 so that all neighborgibote even when
they have high values, which takes into account the fact that the dual maexist and
therefore” values are not reliable. As can be seen from the gures, tafithe results
has been improved with the use fff ;) including the background seen through the jeep's

windows or right above the jeep, and the region between treeish

7.7 Conclusions

Energy minimization enables us to design an energy funcdhah describes the desired
properties of a solution that we are seeking for and minintize obtain the result. We
designed the energy function by using the data and our pniowledge of object motions.
The data is evaluated by using the assumption of brightresstancy over a block of pix-
els together with the translational motion model. The pkioowledge is the smoothness
of the motion-vector eld, which is not valid across bounéar The number of feasible
solutions is exponentially large, and low-complexity appmation algorithms that con-
verge to a desirable local minimum is needed. Unfortunatey data term in the energy
has many non-convexities in which the minimization aldoritcan not break away from
once attained.

To deal with the validity of the smoothness prior, we propbgeadjust the coecients
of the energy as we learn more about the motion via mininoraiterations. By formu-
lating the primal problem of deciding about a move to a newda#ate motion vector as
a quadratic program, we have shown that the dual problemgesthe motion segmenta-
tion problem for that speci ¢ candidate motion-vector. Byngsa feasible solution of the

dual problem, we have shown that one can update the energgdnro re ect this new
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information and therefore improve the smoothness term.

To achieve a low-complexity algorithm, we used standardesdhat use a local neigh-
borhood. Standard-moves are hardware-friendly since argiyngle block can change its
vector at a time. This requires less information exchangkfawer number of possible
move combinations. We analyzed the performance of the nzation algorithm in terms
of the convergence time to a local minimum, and the energybgapeen the attained local
minimum and the global minimum. We discussed how to choasedspective parameters
for the best performance and quality.

To reduce the chances of getting stuck at a bad local minimuenproposed to increase
the overall weight of the smoothness cost, which is convetyaiterations progress. Also,
we discussed the importance of starting with a good initiation-vector eld by using

non-spatial prior information.
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(a) HR-FULL (b) HR-QUARTER

(c) FR-FULL (d) FR-QUARTER

(e) FR-QUARTER () Gray-scale image with the color channels
modulated by the motion information

Figure 7.3. A walk-through of the proposed algorithm using an image fromthe movie “Saving Private

Ryan”. With each new stage, motion boundaries are improvedand ner details like the ri e of the
middle soldier are resolved.
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(a) HR-QUARTER with , = 12BS;j (b) HR-QUARTER with » = 8BS

(c) HR-QUARTER with , = 4jBS; (d) HR-QUARTER with , = 0:5/BS]

Figure 7.4.The e ectofdi erent values demonstrated using an image taken from the movie “Fao”.
Starting with large  values prevents the single-walks breaking away from bad la minimums cre-
ated by wrong motion-vectors of the initial eld. In this example, repeating blinds create bad local
minimums in the energy as in the green areas. Also, slippagd motion-vectors across strong one-di-
rectional intensity edges can create bad local minimums deamstrated by cyan areas. These bad local
minimums can survive if is not chosen to be su ciently small.
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(3) FR-QUARTER with K = 64 (b) FR-QUARTER with K = 4

(c) FR-QUARTER with K = 1

Figure 7.5.The e ect of K values demonstrated using an image taken from the movie “Sawy Private
Ryan”. With K = 64, the motion of the background seen through the jeep's glassds merged with the
jeep's motion. However, its motion-vectors are preserved ith K = 4. SettingK to 1 preserves motion
boundaries slightly better, but the motion-vector eld becomes a bit noisy and some wrong vectors

survive.

@n=n=nz3=np=n;=5 (b)Nns=9;n;=8n3=5n,=4;n; =5
Figure 7.6. The change in quality by choosing varying number of iteratioms while still keeping the

computational complexity constant. With more iterations in earlier stages of the algorithmic ow st
the cost of less iterations on later stages, some bad localmthums can be overcome.
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(@) (b)

(©) (d)
Figure 7.7. Analysis of f(p;). Images on the left are produced withf( ) = 1, while the images on
~ ~ ~ 1
the right are produced by computing ; from (7.51) and choosingf( ;) = Czcb‘ +0:5 ,whereCisa
0

constant.
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CHAPTER 8
CONCLUSIONS AND FUTURE WORK

8.1 Contributions

In this thesis, low-complexity solutions to common vidaoqessing problems are pro-
posed.

Contrast enhancement is one of the most basic video appisain display products.
We developed a histogram modi cation framework to be useal Imstogram-equalization
type approach to contrast enhancement. This frameworkpsais with tools to handle
artifacts produced by histogram equalization. The compleost of solving each artifact
is analyzed and nally an algorithm is presented.

We investigated the use of IIR Iter for local contrast enbament. Di erent types of
lIR lters are investigated and the adaptivity of the delaec cient is studied to prevent
creating of artifacts around edges. Using these IIR ltave, designed skin-aware local
contrast enhancement lters and ringing artifact redutctlters.

We studied the use of dusion equations for image sharpening. Modi cation of these
di usion equations is studied to reduce noise boosting andiameaf edge artifacts. A
non-recursive solution that handles these issues is pedpos

Finally, we studied the motion estimation problem. We psgzbmethods to incor-
porate prior knowledge. Non-spatial prior knowledge idizgd using multi-hypothesis
testing and Bayesian methods. Spatial prior knowledge ligedi by iteratively solving an
energy-minimization problem. The primal-dual method isdit reliably impose the spa-
tial priors. Simpli cations for reducing computational implexity and heuristics for fast

convergence of the minimization algorithm is discussed.
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8.2 Future Research Directions

Our solutions include techniques such as global and loaatrast enhancement, artifact
reduction and sharpening that only use single frame infaomaand motion estimation
that uses multi-frame information.

The proposed contrast enhancement approach can be imgrpuddizing more cri-
teria depending on the speci c application such as meaghhness conservation in the
histogram modi cation framework. Some desired featuresigdical imaging can also be
achieved using this framework for application speci ¢ irmpements.

The di usion based sharpening Iter approach can be improved bingdde blocking
artifact awareness on top of the ringing awareness we hagepted.

Our multi-hypothesis testing framework for using non-ggdabformation is optimized
for using previous frame's motion-vector eld. This can baended to using information
from coarser resolutions in a hierarchical motion estiorati

In the study of energy-minimization for motion estimatioe Wwave used the spatial
smoothness prior knowledge only. The smoothness priormiatesork well in the presence
of repeating patterns in the video: all the blofgtsels in a neighborhood can consistently
match with a false repetition. For these cases, projectioiom vectors to a dierent time
instant can be used to create an extra prior. This will elat@nocal minimums in the

energy and help converging to a desired motion-vector eld.
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