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Abstract

One of the major problems of visual perceptiorat the
world we see is 3-dimensional, but we see it thhoag-
dimensional retina. We all know part of the trick,
binocular vision converts the 2-D image into a &iage.
Here we want to describe a simple mechanism which
makes this transformation computationally feasible.
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Introduction

Stereo vision is to add an extra piece of infororatio
every pixel of a 2D image: distance. Namely, evarel
contains two pieces of information: a color and the
distance from the observer to the pixel. Steredomis
usually requires the comparison of two or moreypis,

if using several cameras simultaneously. Sequentes
pixels information have to be aligned between pégtun
order to use the distance "shift" of objects toedaine
distances, e.g., the closer the object, the biggeshift.
We found that the Walking Tree Method [1, 2, 3546,
7] is excellent in doing such computations. Unlitke
edit-distance model [9, 11] which assumes that gban
between strings occur locally, the Walking Tree et
is mathematically modeled for sequence recombinatio
which "local alignment" and "global alignment” grest
our method's two special cases. It's based on muéde
showing that large scale changes are possiblee[§],
meiotic cells' DNA replication is usually followely
homologous chromosomes' DNA recombination in which
large pieces of DNA can be moved from one locatmn
another (translocations), or replaced by their rexe
complements (inversions). We have demonstratedsis
in phylogeny, gene discovery, and gene verificafior2,
3, 4, 5, 6, 7]. Since Walking Tree Method is a pdule
tool in sequence recombination, this paper willvghbat
it's also a reasonable tool to compute the 3D image

Walking Tree Methods

«  Why Are Walking Tree Methods Needed?

Dynamic programming [10] is a way to
implement the stereo vision by comparing two piesur
For two segments that both exist in two pictures;he
picture taken by one of the two cameras (Figure 1),
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dynamic programming cannot detect the two segments
when both segments don't have the same sequential
ordering on both pictures. But, the Walking Treethéel

can detect the them even when the two segments'
locations are swapped in one of the two picturegufie

1). Apparently, including the segment swapping ocase
mentioned, we need a method that can handle iaserti
deletions, substitutions, and translocations attugye The
Walking Tree heuristic [1, 2, 3, 4, 5, 6, 7] camdile
translocations and tends to highlight features lnects
(Figure 2). Since pictures don't have segments of
inversion, we have kept all functions of the Watkifree
Method, except its inversion computation. This \wHoit

to run twice as fast since inversion accounts @ 5of
computation.

Left Right

Figure 1. The segments' ordering observed by the left carser
"AB", while it will be "BA" by the right camera. Astandard
dynamic programming method can't detect such alteation.
But, the Walking Tree Method can.

IINIIIl»<IIII><IIII><IIII><IIII><IIII><IIII><IIII><I |.<||||><||||><||||><||||><||||><||||><||||><||||><||
Pl P

TRANSLOCATION ; / INVERSION
PL———iR

DMIXOXOOOCOOOA. DAY |><|III><||||><|II|><||||><||||><||||><IIII><||||><||
The same segment is at different The inverse of a DNA segment
locations on two pieces of DNA occurs in another DNA



I><[[><{P><><{><><{ <<

f N i gap t i gapt N f
Translocation Inversion

Translocation

i gap | i gap i
>
Walking Tree Method approximately maximizes
scores of matched translocations and inversions,
and minimizes penalties of gaps.

Figure 2: These three pictures illustrate translocatiomneigion,
and what Walking Tree Method computes, respectivB;NA
strings can be replaced by strings of pixels foragm
comparison.

¢ The Basic Method

theWalking Tree
with itsleavesfilled by
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Figure 1: This picture shows the walking tree’s structure, a
binary tree. Leaves of the tree contain the charaaif the
pattern string P. After comparing each leaf with a
corresponding character of the text string, thekimgl tree
updates its nodes with new scores, then moveseméxt
position by moving each of its leaves one charattdethe
right. Then it repeats the leaf comparison, andatgsl its
node scores until it reaches the end of the teixigst

The problem is to find an approximate alignment
between two strings of pixels, one called patteyrafd
the other called text T. Our metaphor is to consitie
data structure as a walking tree [12] with |P| ésawone
for each pixel in the pattern. When the walkingetie
considering position + 1, the internal nodes remember
some of the information for the best alignment mitthe
first | pixels for the text (see Figure 3). On the bagis o
this remembered information and the comparisonthef
leaves with the text pixels under them, the leaysdate
their information and pass this information to thei
parents. The data will percolate up to the root rehe
new best score is calculated. The tree can thek twahe
next position by moving each of its leaves one Ipia¢he
right. The whole text has been processed when the
leftmost leaf of the walking tree has processed the
rightmost pixel of the text.

We use a function that gives a positive

contribution based on the similarity between alijne
pixels, and a negative contribution that is relatedhe
number and length of gaps, translocations, and siwmes.
A gap in an alignment occurs when adjacent pixelthe
pattern are aligned with non-adjacent pixels in tinet.
The length of the gap is the number of pixels betwine
non-adjacent characters in the text.

The computation at each leaf node makes use of
two functions, MATCH and GAP. MATCH looks at the
current text pixel and compares it with the pattpixel
represented by the leaf. In the simplest case we us

MATCH(P, T) = ¢
MATCH(P,, T)) = 0

ifR=T,
ifR£T,

For many of our examples we use ¢ = 2. If we
were matching similar pixels then MATCH could retar
value depending on how similar the two compareelpix
are.

If we only used the MATCH function, the leaves
would simply remember if they had ever seen a niadch
pixel in the text. We use the GAP function to p&eathe
match for being far from the current position oé tinee.
So the leaf needs to remember both if it found a&cima
and the position of the walking tree when it fouad
match. For example, a simple GAP function could be:

GAP(currentpos, pos) = log |currentpos — pos|,

where currentpos is the current position of thekingl
tree, and pos is the position at which the walkiree
found a match. Then the leaf could compute

SCORE =max| MATCH(RT),
SCORE — GAP(currentpos, pos) ]

and update pos to currentpos if MATCH is maximdlisT
means that a leaf will forget an actual match ddturred
far from the current position.

An internal node will only look at what it is
remembering and at what its children have computed.
Like a leaf node, the internal node computes

SCORE — GAP(currentpos, pos)

which depends on what the node is remembering. From
its two children, the node computes

SCORE.left + SCORE.right — GAP(pos.left, .pigt)

This will penalize the sum of the children’s
scores because the position for the two scores lneay
different. But, the internal node also has to pepathis



score because the left or right position may befriam Figure 4: Analogous to Figure 1, the bigger block is A, and
the current position, so it also subtracts the smaller block is B. The left picture is what fleft camera
sees, and the right picture is what the right cansees. Do
you know which object is closer? The big block lisser to

min[  GAP(currentpos, pos.left), the cameras, while the small block is further. Wi may

GAP(currentpos, pos.right) 1 try to look at them using only one eye per pictidamely,

use a piece of paper to separate the pictures yxlse that

The internal node will keep the better of the the left eye can see only the left picture, andridjet eye can

score from its remembered data and the score ceahput see only the right picture. When both eyes focughenbig
from its children. block, your eyes are twisted inward, meaning tliebbock is

closer. When the small block is focused, both ewptsxed,

. . . ing it's further.
The walking tree will be computing a score for meaning [t turther

the current position of the tree. It is possiblattt could
forget a better score that was far from the present
position. To avoid this problem, we add a spectaitr
node which simply keeps track of the best scora see
far.

We simulated two pictures (see Figure 4) in
which two objects are placed in a way similar tgure 1.
Since both cameras' lines of sight are parallel,ahjects
taken by the left camera position a little to thght, while
the objects taken by the right camera positionttke lto
) ) _ the left. Then, the Walking Tree Method processes t
In short, the Walklng tree finds an allgnméﬂo that pixe|s of the two picturesy line by line, horizdma to

determine the depth of each pixel. The more "staft"
fo[a, ..., Pll-[1, ..., [Tl pixel does, the closer it is to the observer.

The alignment found approximately maximizes Why do we want to highlight this special
simulated condition in which the two objects' ldcas
IP| IPI-1 are swapped in the two cameras? Because such a
2 MATCH(P;, Trp) —Z GAP((i), f(i + 1)). condition is the most difficult one for classic @ynic
=1 =1 programming methods to solve.

The actual functional being maximized is best
described by the method itself and has no simpiada.
Among other reasons, the above formula is only an
approximation because the method tries to breakgstr
into substrings whose lengths are powers of 2, evean
using other lengths would increase the value 0§ thi
formula.
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* Adjusting Gaps oo
The basic method places gaps close to their
proper positions. If we use the method to align gtrng
“ABCDEF” in the string “ABCXXDEF" the gap may be
placed between ‘B’ and ‘C’, rather than between &0d
‘D’. This is a result of the halving behavior ofetlbasic
method. By searching in the vicinity of the positithat
the basic method places a gap we can find anyasera
score that can be obtained by sliding the gap ¢oleft
and right. The cost of finding better placementsthod
gaps is a factor of log|P| increase in runtimeesigiceach
node we have to search a region of the text oftkeng
proportional to the size of the substring represetiy the
node.
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Figure5: This is the alignment computed by the WalkingeTre
Method using the vertical lines passing throughhudtjects in
pictures of Figure 4. The middle axis represents pixel
string of Figure 4's left picture, and the leftsargépresents the
pixel string of Figure 4's right picture. Becaute impossible
to have a positive "shift" from the left picture the right
picture, this figure's two widest bands will be aged, while
only the bands of negative shift will be considerédd, the
bigger shift of the red segment does tell us tmtloser to us,
while the blue segment is further from us.

Figure 5 shows the alignment computed by the
Walking Tree Method to demonstrate its ability ®es
swapped objects. We define a "positive" shift to are
object shifting its position, from the left locatioof a
picture, to the right location of another pictufend, all
other cases to be the "negative" shift. Because it'
impossible to have a "positive" or "non-negativéilfts
from the left picture to the right picture, figuiés two
widest bands will be ignored, while only the barafs
negative shift will be considered. So, the aligntriefis
us that the Walking Tree Method does see the two
segments, even when their locations are swapped, An
the bigger shift of the big block does tell us thatcloser
to us, while the small block's smaller shift tellsthat it's
further from us. The only problem left is that theea
between both segments seem to be part of one divthe
segments. This problem can be easily corrected by
measuring the vertical shift using another paicarheras.

Conclusion

From the result, we found that Walking Tree
Method is also a powerful tool for stereo visiorheT
technique works by finding a “best” alignment betwe
two strings of pixels. In addition to what can lmnd by a
standard dynamic programming approach, the Walking
Tree Method can find segments of swaps (transloesyj
which are required to accurately identify objects a
various distances. What we did in the experimenfsist
a small step toward a much bigger goal of oursiaiadle
extremely complicated pictures.
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