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Similarity Measure Based on Entropy and Census and
Multi-Resolution Disparity Estimation Technique

for Stereo Matching

Seok-Keun, Hong

Department of Control and Instrumentation Engineering,

Graduate School of Korea Maritime University

Abstract

Stereo matching is one of the most active research areas in the field of
computer vision. Stereo matching aims to obtain 3D information by extracting
correct correspondence between two images captured from different point of
views. There are two research parts in stereo matching: similarity measure
between correspondence points and optimization technique for dence disparity
estimation.

The crux of stereo matching problem in similarity measure perspective is
how to deal with the inferent points ambiguity that results from the
ambiguous local appearances of image points. Similarity measures in stereo

matching are classified as feature-based, intensity-based or non-parametric



measure. And most similarity measures in the literatures are based on pixel
intensity comparison. When images are taken at different illumination
conditions or different sensors used, it is very unlikely that the corresponding
pixels would have the same intensity creating false correspondences if it is
only based on intensity matching functions alone. Especially illumination
variations between input images can cause serious degrade in the
performance of stereo matching algorithms. In this situation, mutual
information-based method is powerful. However, it is still ambiguous or
erroneous in considering local illumination variations between images.
Therefore, similarity measure to these radiometric variations are demanded
and become inevitable for stereo matching.

Optimization method in stereo matching can be classified into two
categories: local and global optimization methods, and most state-of-the-art
algorithms fall into global optimization method. Global optimization methods
can greatly suppress the matching ambiguities caused by various factors such
as occluded and textureless regions. However, They are usually
computationally expensive due to the slow-converging optimization process.

In this paper, it was proposed that a stereo matching similarity measure
based on entropy and census transform and an optimization technique using
dynamic programming to estimate disparity efficiently based on
multi-resolution method. Proposed similarity measure is composed of entropy,
Haar wavelet feature vector, and modified Census transform. In general,
mutual information similarity measure based on entropy about stereo images
and disparity map is a popular and powerful similarity measure which is
robust to complex intensity transformation. However, it is still ambiguous or
erroneous with local radiometric variations, since it only accounts for global

variation between images, and does not contain spatial information. Haar
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wavelet response can express frequency properties of image regions and is
robust to various intensity changes and bias. Therefore, entropy was utilized
with Haar wavelet feature vector as geometric measure. Modified Census
transform was used as another spatial similarity measure. Census transform is
a well-known non-parametric measure. And it is powerful to textureless and
disparity discontinuity region and robust to noisy environment. A combination
of entropy with Haar wavelet feature vector and modified Census transform
as similarity measure was proposed to find correspondence. It is invariant to
local radiometric variations and global illumination changes, so it can be
applied to find correspondence for images which undergo local as well as
global radiometric variations.

Proposed optimization method is a new disparity estimation technique based
on dynamic programming. A method using dynamic programming Wwith
8-direction energy aggregation to estimate accurate disparity map was applied.
Using 8-direction energy aggregation, accurate disparities can be found at
disparity discontinuous region and suppress a streaking phenomenon in
disparity map.

Finally, the multi-resolution scheme was proposed to increase efficiency
while processing and disparity estimation method. A Gaussian pyramid which
prevent the ailasing at low-resolution image pyramid levels was used. And the
multi-resolution scheme was proposed to perform matching at every levels to
find accurate disparity. This method can perform matching efficiently and
make accurate disparity map.

And proposed method was validated with experimental results on stereo

images.
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Acquire stereo image pair
and generate initial disparity map

Compute joint probability
corresponding to the initial disparity map

Compute similarity
about pixel-wise entropy

A
Compute similarity

about Haar wavelet feature vector

A
Compute similarity

about modified Census transform

\
Combine three similarities

as proposed similarity measure
A
< End )

a9 3.1 A4S FAE H=9 AL &A

Fig. 3.1. A flowgraph of computing proposed similarity measure
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(7,7 I, Middlebury Stereo Vision LabellA &7H)
Fig. 3.2. Joint probability distribution of stereo image pair corresponding to
two disparity maps, D, and D,

(Image courtesy of /, and 7, Middlebury Stereo Vision Lab)
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3% 33. ads] 2dgER JEZS AL AA
(7% 1,2 Middlebury Stereo Vision Laboll A &71)

Fig. 3.3. Calculation process of a pixel-wise joint probability and entropy

(Image courtesy of 7, and 7, Middlebury Stereo Vision Lab)
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(@ (b) ©

(@<} ()= Middlebury Stereo Vision LabollA &1 )
Fig. 3.4. Image pair of Aloe with different camera exposure
and disparity map of MI
(a) left image (b) right image (c) disparity map of MI
(Image courtesy of (a) and (b) Middlebury Stereo Vision Lab)
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(a) (b)
a9 35 9ol wslyl LAg Aloe F43 Mol WA=
(@ #IE b +9% © M9 M=
(@} (b)+= Middlebury Stereo Vision Laboll A 378 )

Fig. 3.5. Image pair of Aloe with illumination change and disparity map of MI
(a) left image (b) right image (c) disparity map of MI
(Image courtesy of (a) and (b) Middlebury Stereo Vision Lab)

_36_



< Start >
{

Arbitrary pixel p

Create mxm size window
centered at pixel p

A
Process hxh size Haar wavelet filter

d, and d, on m>m size window

A
Compute 4-dimensional Haar wavelet

response vector

A
Give the representative nature for &

in mxm size window

A

Generate (4 x k)-dimensional feature vector

Cw

F Haar o83 574 ¥

Kl
A

7% 36. Qojel B polA A

e

Fig. 3.6. A progress of generating proposed Haar wavelet feature vector
at arbitrary pixel p
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1. [ 2

1 (&

1 |

1|
d, d,
(@) ()

29 37. 2488 Haar 10188 B o (4x4 27))
@ d, () d

Fig. 3.7. An example of approximated Haar wavelet filter (4<4 size)
(@ d, () d,

(@) (b) ©
a9 38. 7HA HY=E 8] gk Haar dlol&2 72 &4
@ FYd 949 DO

Fig. 3.8. Properties of Haar wavelet response about
(a) homogeneous region (DC)
(b) region in presense of frequencies in z direction

(c) region in increasing intensity gradually in x direction
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stereo matching

disparity map of disparity map of  disparity map of similarity
entropy Haar wavelet measure combined
feature vector entropy and Haar wavelet

feature vector

13 3.10. Moebius G4 tist dEZ 39} Haar gojEdg EA HlE 9

=
a-

e
e

(7% I,2 Middlebury Stereo Vision Laboll A &71)
Fig. 3.10. Disparity maps of entropy and Haar wavelet feature vector
about Moebius image pair

(Image courtesy of Z, and 7, Middlebury Stereo Vision Lab)
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left / right “Aloe” image different lighting
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(a) Aloe (b) Cloth4

Fig. 3.11. Convergence curve graphs for comparison of error rate
convergence velocity of similarity measure MI and entropy combined with
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Generate two 3-D DSIs
about left-right and right-left direction
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Aggregate and optimize cumulative energy
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Extract and interpolate occluded pixels
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Fig. 4.1. A flowgraph of proposed optimization method
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(@)%} (b)+= Middlebury Stereo Vision Laboll A &7H)
Fig. 4.4. Cone image pair and dispairty map using 1-path DP
(a) left image (b) right image (c) disparity map
(Image courtesy of (a) and (b) Middlebury Stereo Vision Lab)

(© @
a9 45 HFE 58 AYHE Y5t 42 Cone G449 M=
(@ #A3-53F (b +3-3t (0 -3t (d -5

Fig. 4.5. Disparity maps of DP in each direction about Cone image pair

(a) left top-right botton (b) right top-left bottom (c) top-bottom (d) left-right
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Fig. 5.1. An example of image pyramid (3 levels)
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Fig. 5.2. Pixel value evaluation of gaussian image pyramid

Level 3

Level 2

Level 1

Level 0

gaussian pyramid normal pyramid

19 53, 7H9AIE FEr =t duk g =

Fig 5.3. Gaussian pyramid and conventional pyramid
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g2

g1
Yo
Gaussian pyramid Laplacian pyramid
(approximation image) (prediction image)
gx = REDUCE(gy_1) Ly = gx — EXPAND(gy—1)

O™ 54, 7HAE 98 =

Fig. 5.4. A gaussian image pyramid
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Fig. 5.5. Conventional multiresolution and proposed multiresolution method

(a) conventional multiresolution method (b) proposed multiresolution method
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Fig. 5.6. Disparity maps of conventional and proposed multiresolution method

(a) disparity map of conventional method

(b) disparity map of proposed method
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Acquire stereo image pair
and generate the initial disparity map

Construct j-level image pyramid
and process about level s (first, s =j-1)

v

Compute entropy similarity
using disparity map of level s

Compute similarity
using proposed similarity measure

- - - - w o

v

Generate 3-D DSIs about L-R and R-L
directions and compute energy function

v

Compute and aggregate cumulative energy
about 8-path

Extract and interpolate occluded pixels,
and move to level s—1

s=0?
yes

énal disparity map D)

proposed similarity
measure

proposed
optimization method

9 5.7, At el Ay ©A

Fig. 5.7. Summary of processing step of the proposed method
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FE 6.1 AA WEo vz EA

Table 6.1 Parameter setting about proposed method

parameter entry value
the number of image pyramid levels 3
standard deviaton ¢ for entropy 6
window size for Census transform 5%5
Ry, Ry, 2y, Xy 7,331
window size mXxm 1313
Haar wavelet filter size hxh 44
penalty constant 7,7, 1.5, 3.8

6.2 2HH BAF A3

6.2.1 RDS ¥4 49
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aY 6.1 APl A3 50% RDS FA4E7 A W=
(@) #wol e HIH +I%
() FZeol 9= FAA47 20% salt-and-pepper &<-o] 4¢l A4t
© AHd W=
Fig. 6.1. 50% Random Dot Stereogram sets and ground truth
(a) left image and right image without noise
(b) left image without noise and right image with 20% salt-and-pepper noise

(c) ground truth
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Table 6.2 Experimental condition about 50% RDS

entry value
image size 256 < 256
real range of disparity [0, 9]
search range of disparity [0, 12]
window size of NCC TXT
standard deviaton o for MI 10
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(@) (b) ©

a9 6.2. 50% RDS W=
(@) NCC (b) MI (¢) A+t ¥
Fig. 6.2. Disparity maps of 50% Random Dot Stereogram
(@) NCC (b) MI (¢) proposed method

(@ (b) ©
™ 6.3. 20% Feo] A7l= 50% RDSe] HY=
(@) NCC () MI (¢) Aer3t Wy

Fig. 6.3. Disparity maps of 50% Random Dot Stereogram with 20% noise
(@) NCC (b) MI (¢) proposed method
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Table 6.3 Error rates about disparity maps of MI, NCC, and proposed method
in test using 50% RDS

50% RDS 50% RDS with 20% noise
BPR(%) MSE BPR(%) MSE
MI[37]+GC[58] 1.40 1.23 6.33 3.72
NCC[16]+WTA 6.21 3.41 11.89 10.42
proposed method 1.13 0.75 2.87 2.56

Hl &3 HAF A5 S8l Mok Aeksk e Adso] NCCH
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Fig. 6.4. Stereo image pairs and ground truths of set A which has

measurements about unoccluding regions and diparity discontinuity regions
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set Bo] I3 AHY HOE

Fig. 6.5. Stereo image pairs and ground truths of set B which has evaluated

BPR and MSE about all disparity maps
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(@ (b) ©

(d) (e) ®

(@

19 6.6. Venus ¥/ #HFE, AHL WA= HAES
(@ &9 (b) A4 M= (o) Ml (d) RDP (e) DoubleBP
(f) AdaptingBP (g) NCC+GC (h) HEC+GC (i) A|IQtst ¥ *H(HEC+8path DP)
(@<} (b= Middlebury Stereo Vision Laboll A &7H)
Fig. 6.6. Left image of Venus, ground truth and disparity maps
(a) left image (b) ground truth (c) MI (d) RDP
(e) DoubleBP (f) AdaptingBP (g) NCC+GC (h) HEC+GC
() proposed method(HEC+8path DP)
(Image courtesy of (a) and (b) Middlebury Stereo Vision Lab)
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) (h)

a9 6.7. Tsukuba Ao M=
(@ 9% ) A H\9= (o) MI (d) RDP (e) DoubleBP (f) AdaptingBP
(g) NCC+GC (h) HEC+GC () A|tgt ®H(HEC+8path DP)

((@¢} (b)+= Middlebury Stereo Vision Laboll A &7H)

Fig. 6.7. Disparity maps of Tsukuba
(a) left image (b) ground truth (c) MI (d) RDP

(e) DoubleBP (f) AdaptingBP (g) NCC+GC (h) HEC+GC

() proposed method(HEC+8path DP)
(Image courtesy of (a) and (b) Middlebury Stereo Vision Lab)
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% Venus, Tsukuba, Teddy, Cone 4ol tiai A= vl FHA Fozp He BEAL
Bl i A4 stax HES 44 Fotd I WS AMSEA L, UHA
167 @7l tHalAe A MfiEete] 2 AE sla v &9 FHAFAe] B
& ALSIATH ol & 640 YERRATH

® 64 FF G 28F 34 ¥IE(WI B A H L xHpixels) ] E

Table 6.4 Average BPR(%) and MSE(pixels) of testbed images

set A set B
unocc.(%) disc.(%) BPR(%) MSE
RDP[25] 2.14 6.72 4.75 0.47
DoubleBP[18] 1.86 6.01 4.19 0.23
AdaptingBP[17] 1.98 6.59 4.23 0.26
NCC+GC[58] 6.98 13.84 11.4 0.64
MI+GC[37] 3.04 11.33 7.50 0.62
HEC+GC 2.79 8.83 4.42 0.31
proposed method 2.05 5.96 3.63 0.14
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Table 6.5 Exposed time condition about camera exposure index (msec)
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(d (e ®

(g (h) ®

a9 6.8 =B 7hvlEt =E Al g I o
@I 1&e0®MILl1&el@Il]l &e?2
DI2&el0@I2&el@I2&e?2
@I3&e0MI3&eldDI3&e2
(Middlebury Stereo Vision Laboll A &71)

Fig. 6.8. An example of test image pair about illumination index and camera
exposure index
@I1&el0MIl1&el@I]&e?
DI2&eld@I2&el®dI2&e?2
@13&el0hI3&el®MI3&e?2
(Image courtesy of Middlebury Stereo Vision Lab)
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a9 6.9. 4% %d’)}ﬁ% A WS =
(@) Aloe (b) Art (c) Dolls (d) Cloth4

(e) Moebius (f) Laundry (g)Rockl (h) Reindeer

(Middlebury Stereo Vision Labell A &71)

Fig. 6.9. Test image pairs and ground truths
(@ Aloe (b) Art (¢) Dolls (d) Cloth4

(e) Moebius (f) Laundry (g)Rockl (h) Reindeer

(Image courtesy of Middlebury Stereo Vision Lab)
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€<)) (h) ®
19 6.10. Aloe ¥4 % H=
(@ &I 0 9% © A H9= (@ M (e) LoG/BT
(HRand/BT (g) NCC (h) AWSM () AI<tgr WH(HEC+8path DP)
((@), (b), (c)+= Middlebury Stereo Vision LabollAl &7})

Fig. 6.10. Image pair of Aloe and Disparity maps
(a) left image (b) right image (c) ground truth (d) MI (e) LoG/BT
(f) Rank/BT (g) NCC (h) AWSM (i) proposed method(HEC+8path DP)
(Image courtesy of (a),(b) and (c) Middlebury Stereo Vision Lab)
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S WA FAAE FRA S ATE WA 870 GAbol i M4
G ©AF sha WSS Tahe] ANT P Fol BE 2P 3 ¢

T3 FAE g eAE2 E 6.7 2o

Al A g 247 3

Table 6.7 BPR(%) of unoccluded region about each camera exposure index

combinations of outstanding images

e_0/e_ 0 | e_1/e 0 | e_2/e 0 | e 2/e_ 1 | e 2/e 2
NCC[58] 11.63 6.73 7.42 6.55 6.83
LoG/BTI[45] 27.31 38.14 41.92 14.37 11.55
Rank/BT[46] 7.71 13.92 17.36 13.85 4.52
Aloe AWSM[34] 4.17 4,03 6.01 3.94 4.21
MI[37] 5.95 4.37 5.97 4.42 3.35
HEC+GC 413 4.03 5.51 5.43 5.27
proposed method 4.12 4.02 3.72 3.56 3.14
NCC 20.43 17.67 21.25 15.13 15.37
LoG/BT 38.42 61.27 72.38 33.18 12.05
Rank/BT 15.24 14.21 16.87 15.24 11.27
Art AWSM 9.73 9.00 13.82 11.69 10.93
MI 17.05 18.07 20.83 18.21 17.74
HEC+GC 9.13 9.27 12.17 12.27 10.62
proposed method 7.27 6.37 10.62 9.41 9.81
NCC 13.27 12.73 15.71 12.45 11.24
LoG/BT 23.54 36.18 57.18 19.33 14.58
Rank/BT 9.52 7.58 12.00 7.14 5.52
Dolls AWSM 6.14 5.84 8.88 6.85 4.30
MI 15.14 13.71 20.24 11.58 17.73
HEC+GC 9.48 7.15 10.42 8.34 6.63
proposed method 4.24 421 6.24 5.47 4.02
NCC 14.62 12.72 15.92 14.17 13.24
LoG/BT 23.17 24.37 32.51 16.72 16.96
Rank/BT 12.76 13.00 15.27 10.24 10.13
Moebius AWSM 7.29 10.31 10.72 10.25 8.15
MI 10.81 11.96 17.27 14.47 11.74
HEC+GC 7.91 8.51 10.43 10.67 9.24
proposed method 7.14 7.27 7.91 7.84 7.38
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® 6.8 A3 WY Aol A vERd FFESY g =F M %
g s e AT sha 1S%)
Table 6.8 BPR(%) of unoccluded region about each camera exposure index

combinations of even images

e 0/e 0 | elle 0 | e2/e 0 | e2le_ 1 | e 2le_2
NCCI[58] 2.42 1.69 1.75 1.64 1.72
LoG/BTI[45] 7.31 8.92 16.82 3.16 1.87
Rank/BT(46] 1.6 1.16 2.37 1.17 1.10
Cloth4 AWSM[34] 1.62 1.17 2.36 1.79 1.82
MI[37] 2.61 2.57 2.83 2.64 2.70
HEC+GC 1.62 1.42 2.02 1.34 2.26
proposed method 175 1.06 1.47 1.32 1.97
NCC 27.15 23.37 25.15 25.91 25.47
LoG/BT 23.51 25.97 30.28 20.42 27.00
Rank/BT 20.14 21.76 22.41 21.24 20.46
Laundry AWSM 13.92 11.97 19.62 16.84 12.17
MI 21.51 20.71 22.15 22.71 23.64
HEC+GC 14.71 11.24 20.52 15.10 14.18
proposed method 1441 12.15 18.32 14.24 11.15
NCC 17.12 12.71 18.72 13.91 13.57
LoG/BT 14.37 16.75 27.51 24.72 26.41
Rank/BT 17.34 13.12 18.16 17.24 14.27
Rockl AWSM 14.52 15.48 16.82 14.15 13.64
MI 17.16 14.82 19.77 15.72 14.93
HEC+GC 17.24 16.72 17.21 14.10 14.20
proposed method 15.52 15.21 16.49 14.21 13.10

2
[-'0
b

ST+ e 0/e_ 03} e 2/e 2 MRAoA 7]& WHA AWSMY <
T4 =%t ol tivle 42 Q3] Haar flol&¥l &3
A sl AstRr] wEolst ddHET 3 7 Ao A
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71EY WHERT S8tk o] ARlE B Aot JHE SHF o R WAsh=
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18.32%, Rockl F7dellA 16.49%= 7} Eokoh HEd Al sl Altgt W
Hoh AWSMe| exp&o] WA 2252 2ol

AlRbgE W] Gol FA ¥ Yl it A2 & 6.99 2o,
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YA 28 4 HE(%)
Table 6.9 BPR(%) of unoccluded region about each camera exposure index

combinations of inferior image

e 0e 0 | e lle 0 | e2e 0| el | e?2?2
NCC[58] 15.24 14.16 12.27 11.15 9.27
LoG/BTI[45] 17.24 22.37 33.92 12.57 7.61
Rank/BT[46] 12.71 12.48 14.37 10.42 9.41
Reindeer AWSM[34] 11.72 8.14 6.82 4.16 3.62
MI[37] 15.27 13.72 20.15 20.07 10.57
HEC+GC 14.01 10.14 12.72 10.24 13.95
proposed method 13.12 9.34 11.73 8.41 9.37

- 102 -



1

0]
i
&

s
7
=

=

=

<

3wl

F

-

o

[¢)

|

o]
gJt}. Rank/BT<} NCC

A
3}
ol A

2
%S|
il

of w3}
Eind

AWSMo] 6.22%, A

=

oltt. old H= Al

29 6.116] YEAT #

g

L

) .

=

FAY o T G A Census

I eakao W3yt A9t 1

S

Tl th 3 A]

A7) o

o vl
P ebso.
H

}\_1110
7
19 6.119 (e 2t
E’i

<)

UhER AWSMETH whgtct
F&ol

1/e_0

o
S\ WK

[e)
-

=

i &

74

o] 3.72%= 8.1%
o]

=

6.43% A . 18l e

49

T

—

H
L1, 12 [3&

'c:S‘_]_-

}

Aol A
71&4] Ml

o

|

HEko] Rank W} vl
o] &3t ¥ WMAEE (&9 (Dot

A
o
| S,

q

o o3

JJo

ok 28 6.119 @elE gle 297 )Y FYo] Be

k)
gl

A

of Hlsj

=
=

o7 d& HAAErt I9 6119 Dolth A AAAel & Wy

G

g
oy

~~
o
hie

©

el

- 103 -



(@ (h) ®
a9 6.11. Aloe 974 2 M=
(@ #I4 b +9%4 © A W= (@ Ml (e) LoG/BT (f) Rank/BT
(@) NCC (h) AWSM () Al¢+g+ ¥+ (HEC+8path DP)
((@),(b)2} (0)= Middlebury Stereo Vision Laboll A &7})

Fig. 6.11. Image pair of Aloe and Disparity maps
(a) left image (b) right image (c¢) ground truth (d) MI (e) LoG/BT
(f) Rank/BT (g) NCC (h) AWSM (i) proposed method(HEC+8path DP)
(Image courtesy of (a), (b) and (c) Middlebury Stereo Vision Lab)
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@ (e (f)

(h) ®
a9 6.12. Dolls 974 € M=
(@ #FFd ) 9% © A "= (D M (e) LoG/BT (f) Rank/BT
(g NCC (h) AWSM () HEC+8path DP
((@,(b)¢}+ (©)= Middlebury Stereo Vision Laboll A &-71)

Fig. 6.12. Image pair of Dolls and Disparity maps

(a) left image (b) right image (c) ground truth (d) MI (e) LoG/BT
(f) Rank/BT (g) NCC (h) AWSM (i) HEC+8path DP

(Image courtesy of (a), (b) and (c) Middlebury Stereo Vision Lab)
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Table 6.10 BPR(%) of unoccluded region about each illumination index

combinations of outstanding images

[1/11 [2/1_1 [ 311 [.3/1.2 [.3/1.3

NCCI[58] 9.33 11.41 22.73 17.83 9.82

LoG/BTI[45] 14.27 15.92 26.41 19.73 13.82

Rank/BT(46] 6.84 8.12 19.24 16.48 6.62

Aloe AWSM[34] 3.46 7.41 13.24 10.24 4.34
MI[37] 5.31 18.14 72.54 63.75 6.21

HEC+GC 4.37 6.62 11.25 8.46 5.69

proposed method 3.36 5.92 9.91 9.11 3.79

NCC 10.12 11.42 35.27 28.51 9.40

LoG/BT 17.71 17.31 26.15 19.91 15.54

Rank/BT 6.14 9.24 33.15 24.15 6.41

Dolls AWSM 4.31 8.85 20.21 22.14 5.21
MI 17.13 32.48 63.29 42.75 14.53

HEC+GC 5.37 7.41 12.48 13.54 5.62

proposed method 4.12 7.24 12.42 13.45 4.28

NCC 3.74 6.71 10.92 3.89 3.69

LoG/BT 3.37 4.12 7.27 3.97 3.68

Rank/BT 3.05 4.88 7.39 3.84 3.75

Cloth4 AWSM 2.82 6.94 7.87 3.21 2.09
MI 3.48 37.41 43.17 8.41 2.71

HEC+GC 2.63 3.35 4.34 4.08 2.31

proposed method 2.33 3.12 3.67 2.32 1.83

NCC 3.74 6.71 10.93 3.89 4.48

LoG/BT 3.37 4.84 7.95 4.34 3.86

Rank/BT 2.90 4.64 8.01 4.14 3.55

Rockl AWSM 1.82 6.97 11.87 3.21 2.09
MI 3.14 11.84 39.12 15.27 3.18

HEC+GC 2.15 3.24 7.68 4.27 2.38

proposed method 1.63 2.35 2.47 2.32 1.33

NCC 22.14 34.21 42.91 30.45 24.51

LoG/BT 11.24 21.45 32.51 19.42 18.24

Rank/BT 20.24 26.91 39.72 27.15 19.56

Laundry AWSM 11.42 22.14 28.35 19.24 11.56
MI 13.57 37.85 61.47 41.75 15.61

HEC+GC 11.38 18.75 27.75 15.26 12.62

proposed method 10.72 15.32 24.93 14.21 10.63
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Table 6.11 BPR(%) of unoccluded region about each illumination index

combinations of even images

[1/11 [2/1_1 [ 311 [.3/1.2 [.3/1.3
NCCI[58] 19.96 21.93 42.17 38.15 19.11
LoG/BTI[45] 28.12 28.38 41.32 39.67 26.86
Rank/BT(46] 16.67 17.85 38.46 31.92 13.00
Art AWSMI[34] 11.26 13.28 23.99 20.24 11.12
MI[37] 17.14 32.42 63.29 42.72 14.53
HEC+GC 12.42 13.23 21.25 18.34 12.24
proposed method 11.33 1175 20.92 16.41 11.36
NCC 10.52 14.21 22.18 19.63 11.48
LoG/BT 15.52 16.25 21.38 19.85 12.42
Rank/BT 9.21 10.35 20.92 18.21 9.75
Moebius AWSM 6.27 8.75 14.62 12.51 5.15
MI 15.76 24.72 41.48 31.57 13.76
HEC+GC 8.05 9.42 16.72 13.72 9.05
proposed method 6.71 8.54 15.23 11.42 5.17
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Table 6.12 BPR(%) of unoccluded region about each illumination index

combinations of inferior image

[_1/1_1 [.2/1_1 L3711 [.3/1_2 .3/1.3

NCCI[58] 24.31 30.14 37.28 22.27 10.48

LoG/BTI[45] 11.28 21.44 32.53 19.47 18.20

Rank/BT(46] 20.14 25.38 37.59 19.61 17.34

Reindeer AWSMI[34] 10.42 22.16 26.8 17.07 11.52
MI[37] 11.47 34.81 62.57 77.24 13.72

HEC+GC 11.42 24.28 25.18 19.26 12.68

proposed method 11.42 24.24 24.27 19.28 12.05
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Fig. 6.14. Real stereo images and disparity maps

(a) left image (b) right image (c) disparity map of proposed method
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9 6.16. CCD g2 883 M=
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Fig. 6.16. Right image of real stereo images and disparity maps
(a) right image (b) LoG/BT (c) Rank/BT
(d NCC (e) AWSM (f) proposed method
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Fig. 6.17. BOOK image pair and disparity maps
(a) left image (b) right image (c) disparity map of proposed method
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Fig. 6.18. A left image with closed aperture of BOOK pair and disparity maps

(a) left image with closed aperture (b) LoG/BT (c) Rank/BT
(d NCC (e) AWSM (f) proposed method
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Fig. 6.19. DIP stereo images and disparity maps

(a) left images (b) right images (c) disparity map of proposed method
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Fig. 6.20. PIG stereo images and disparity maps

(a) left images (b) right images (c) disparity map of proposed method
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Table 6.13 Computational time comparison with various methods about Aloe

image pair
matching method entry computational time(sec)
SAD(7x7)+GC 0.93
ZSAD(7 < 7)+GC 2.01
NCC(9 x9)+GC 1.22
ZNCC(9 % 9)+GC 2.37
AWSM(31 < 31)+GC 8.05
LoG/BT(9 < 9)+GC 0.73
Rank/BT(5 %< 5)+GC 0.76
HEC+GC 1.73
proposed method 1.26
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Table 6.14 Computational time of of each similarity measures and matching

for 1 iteration about Aloe image pair

process entry computational time(msec)
entropy 35
Haar wavelet feature vector 74
Census transform 116
proposed similarity measure 225
matching for 1 iteration 720
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Table 6.15 Computational time of non-hirachical method for 3 iterations,

conventional method and proposed hirachical method about 3 levels

entry computational time(sec)
matching without multi-resolution method 916
(3 iterations) '
matchig with conventional multi-resolution method 0.96
(3 levels) '
d
proposed metho 193
(3 levels)
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