Assignment #4
Tuesday, August 29, 2017 5:12 PM

1) Assuming restricted camera motion, the following represents the camera scenes
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In this example, we simplify the computation of the
energy functional using the following recurrence:
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Answers may vary based on recurrence and penalty.

You can repeat this process for rows 2 and 3.

3) We will cover graph-based methods in more detail in upcoming lectures. Here | give a brief
explanation for a global solution.

Aglobal solution can be formulated by mapping this problem to a 3-D graph. (See Roy et al). (Note also,
that Boykov et al provide a local solution with a fast approximation.)
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Each node corresponds to a triple (x,y,d) where (x,y) is pixel coordinate and d is a potential disparity
label.

Asource s and a sink t are connected to the 3-d graph. The source connected to all nodes with a min
disparity and the sink connected to all nodes associated with a max disparity.

Note a min cut will separate the source and sink, and impose
A disparity map.

The edge capacities are intuitively defined based on the
Matching costs and discontinuity (occlusion) penalties.

Intuition: Good matches will have a low cost,

thus low capacity and will be saturated by a Sy
Maxflow. Similarly this edge will be selected
Inamin cut.

) Here we assume the first operand is "slid" across the second. NOTE: Results will vary based on boundary conditions and based on which operand is "slid"

PNuie [55mmn s
E
&<
[3‘155.»9 -36]

Nete: Te K = K<T

E} k{I:G Do-
‘[3 T 2347
6 [3-265940]

) Tek-¢ [? 223 5]
“r- °1J
S L-sy 7-5-5237

DKOIE o
(3 z-2-3¢]

6 [32-5524y.9

S
K=o Ot kernels are comman, Nofe
_ howerer 4his one exdeidl, esents
T = KT B ke clilrepee as et e e

() Heve e exletl beyond4le bavnebres et pranct,

e
o vesyld anyuhoe dlore 1y o pop 2ero resuld,

A I’[‘1-13‘°
32 o
S‘wesg] *V’Z\'L,g%é_
3

I®K - S G s
! 9 4
;] Javzeyd
o 3 n o3 5 3

VL"B~'7Q:L
Vo _ ~(010
ooy VLK [

Computer Vision Page 2



]_S) vi= E ‘VQ:L VLK: L@K: ’E,)A,oio
L) /65:;:;

o100

C/B 2 - L-Sur
- o - -T I~ S
I® v K a0 o5 1 £ wYss
S q qoagll 63T
Y5 <6 467 ~€ Loy
S Y 24 930 vy 6 3 -3
N R O )
\o 3 -n- LSRN

D> V<I®K) - 6 boooeCo 0 o
X 0« -/ 3-3-3e | —¢
6 ~CYlo-x 3 -9 -3

6 -9 §H3-2-% 4

[ § 6 S g WL~y <Y D

°’08 0 104 gV US|
00000@00)@

‘o»lo
W [iid)

o0 o0 O

v (I@K g 7; -z 1 T 'If v
4o 6 £ -

O -4 to ? }. 1 —FX_

0 1M Iy 16 X 1 Ty

[§] W0 MY

o < I 2z

?) Lt GG S5 Hluo) Fliw i)

el

L—@* (:\ 4 ‘CL \je 'Cund‘nmg QM[ '('3 :‘Fl+'€ . {J’ﬂ"h be doncten.
h®(£ ) h@F = q04) =22 ho) £6o)
:éé h(u,u) [\p(ﬁu jw} .0 +uI'J+v§]
- gi h V/‘)\‘C ) Ho v).( Hudw)

" 220 L) € )
hof t h6k,

It

m

Computer Vision Page 3



