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Estimate Threshold of SIFT Matching Adaptively Based on RANSAC
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Abstract When matching images with scale invariant feature transform(SIFT) , the Euclidean distance between feature

vectors is used as the similarity measurement. But it was difficult to get the best distance ratio. Moreover, when the ratio
was a constant,there would be some problems of error matching or matching leakage. Deal with the problem,the Ran-
dom Sample Consensus (RANSAC) algorithm was introduced. Optimize the ratio in the process adaptively,and we can
get the best threshold. SIFT-based image matching algorithm was analyzed,and a bi-direction matching was used to im-
prove the accuracy of image matching and ensure the correctness of matching at maximum level. Finally, the experiment
results show that the proposed methods can obtain an optimal threshold for different images. It can get the most ma-
tching points and a better matching rate,and by bi-direction matching, better results can be got.

Keywords SIFT,RANSAC, Adaptively, Matching threshold, Bi-direction

’ 1
, SIFT (Scale Invariant 1.1 RANSAC
Feature Transform) tJ | Harris L2l K-L sl SIFT ,
SURF(Speeded Up Robust Features) R [5]
,SIFT , o
o l : ° ’
SIFT Lowe 1999 ,
. 2004 s
B s 2 ,  Lowe . K-
[6-7] SIFT , . . ,
; OpenCV (Open Source ratio, s
Computer Vision) , C++ SIFT
(2016335), (61501429)
(1992—), s ,E-mail: 574109164 @ qq. com; (1982—), s s
,E-mail: zhaorj@ioe. ac. cn; (1964—), . . . » E-mail: leh@

ioe. ac. cn;

(1989—>,

,E-mail:993284496(@qq. com,



2017

158
ny ny
match percent @D)
. (Random
Sample Consensus, RANSAC) T,
- ot — nl
match percent —— (D
2.
2/ "Fxr=0 (2)
S Sz S
(2" v 10| fa for S =0 (3
Sao Se S
(2, y) NEARD o
Rank(F)=2, F 9 7
b 7 b 8
RANSAC ,
RANSAC
Step 1 RANSAC s
8 3
Step 2 8 F;
Step 3 F.
Step 4
Step 5 ps P
s Stepl s o
RANSAC
9 1 b
60% , RANSAC
. 2,
ratio, s
1.2
ratio., 1.1
Step 1 1 s
RANSAC ; MAX COUNT,
Step 2 ratio€[0.1,1.0), 0.01 ,
ratio 2 RANSAC s
percent COUNT,
Step 3 PointCount Percent=COUNT/MAX CO-
UNT ratio
MAX COUNT o
Step 4 5 ratio-percent

ratio-PointCount Percent

9 ] o

Step 5
COUNT

percent

best ratio,

best ratio  best ratio*x MAX

o

10
08

06

04 —
02

bets_ratio

- ratio-percent
right_percent
ratio-PointCount_Percent
right_match

ratio

Szeliski

venus 4 ,

imL

Richard

Daniel Scharstein

, cones, teddy, tsukuba

(c) tsukuba (d) venus
2
2.2
1.2 s cones
teddy,tsukuba  venus s
ratio,
ratio,
[10-11] s s
. ratio 1.0,
s ,  ratio€[0.1,1.0)
, 0.01 , ratio
percent ; , ratio
ratio-PointCount Percent, matlab
5 s
best ratio,
ratio€[0.1,1.0), 0.01 90 s
PC Intel Core i3 2. 27GHz
o 4 s
1. 955s,



6A P RANSAC  SIFT 159
3 1 imL—imR best ratio
best ratio., MAX COUNT/ best ratio/ / /
% %
! P S ] oo 6 S cones 623 0.8217 89. 98 619
zi N gz ol teddy 382 0.8463 92.30 377
o e \ o e tsukuba 148 0.8463 92. 60 146
e sl AN L A venus 123 0. 7600 93.38 123
! /" N 7 3\
05 ; 05 4
04 / 04 2 imR—imL best ratio
03 / +  ratio-percent 03 / ratio-percent
Wi right_percent Vi —— right_percent MAX COUNT/  best ratio/ / /
02 / ratio-PointCount_Percent 02 / ratio—PointCount_Percent y ,
01 right_match 01 right_match 0 0
01 02 03 04 05 06 07 08 09 1 01 0z 03 04 05 06 07 08 09 1 cones 614 0.8156 93.45 611
imR—imL imR—imL teddy 371 0. 8309 90. 27 370
tsukuba 457 0.8432 91.89 456
(a)cones venus 136 0. 8340 93. 32 434
1 = 1 — v 1X:0.8309)
N . obo o R -..Jmsogz 1 2 s
08 08 .
07 o7 P & best ratio,
06 06 / \ 90
. 0
. o ” , % 3 ,
04 . 04 : o
ratio-percent / Tatio-percent
03 / i 03 .
right_percent / right_percent s s
02 / « ratio-PointCount_Percent|| 02 7/ . ratio-PointCount_Percent
01 right_match i 01 right_match s best ratio
01 02 03 04 05 06 07 08 09 1 1 02 03 04 05 06 07 08 09
imR—>imL imR—>imL . s
(b) teddy ’ o ’
best ratio
1 ¢ 1 R ’
09 et ﬁﬂ%\":{(‘gﬁg? ool T . CT §33&2? RANSAC
). T i e o
08 L RN Y 2 AN ’
07 -~ 07 e cones .,
06 / 06 /
/ Tatio-percent 4
05 — right_percent 05 Tatio-percent
04 ratio-PointCount_Percent| 04 —— right_percent
right_match ratio-PointCount_Percent|
03 03 / right_match
02 02}/
01 02 03 04 05 06 07 08 09 1 0l 02 03 04 05 06 07 08 09 1
imR—>imL imR—>imL
(c) tsukuba
1 1 X083
. T AL [ vas
09 09 R e D
TN
08 - ‘\ 08 o
07 A \| 07 g
06 06 /
05 05
: / i (a) (b
04 ratio-percent 04 + ratio-p t
03 right_percent 03 / right_percent
02 / + ratio-PointCount_Percent|| o, / ratio-PointCount_Percent 4
) right_match right_match
01 i 01 ; 4
01 02 03 04 05 06 07 08 09 1 01 02 03 04 05 06 07 08 09 1 ’
imR—>imL imR—>imL
b o ’
(d) venus .
3 best ratio 3 o
3(a)— 3(d 4 3
best ratio best ratio/ / /
B . ’
%
L—-R 0.8217 619
cones 560
3 R—L 0.815 6 611
’ o 9
ad L—-R 0.846 3 377 130
¢ ; te 38
’ best ratio, ¥ ReL 0.830 9 370
L—-R 0.846 3 446
0.7 ’ tsukuba R 0. 843 2 156 408
—~L . 84 5
95% s s s
L—-R 0.760 0 423
venus 393
’ ° R—L 0.834 0 434
1 2 3 best .
3 , o
ratio . MAX COUNT
b
1.1 1 s
9
RANSAC o

RANSAC



160 2017

best ratio o s bust features[ C] // European Conference on Computer Vision.

Springer Berlin Heidelberg,2006.

[5] MIKOLAJCZYK K, SCHMID C. A performance evaluation of
' ' local descriptors[ J]. Pattern Analysis and Machine Intelligence,
' 0.7 ’ 95 % ’ . 2005,27(10):1615-1630.
L6] . , . SIFT
’ . ( ),2013,37(4):71-75,82.
° ’ [7] . ) . SIFT
’ ’ [J]. ( ),2011,29(5);
° 44-47,72.
[8] FISCHLER M A,BOLLES R C. Random sample consensus: a
paradigm for model fitting with applications to image analysis
[1] LOWE D G. Distinctive image features from scale-invariant key- and automated cartography[J]. Communications of the ACM,
points [ ] ]. International Journal of Computer Vision, 2004, 1981,24(6) :381-395.
60(2):91-110. [9] SCHARSTEIN D,SZELISKI R. A taxonomy and evaluation of
[2] HARRIS C,STEPHENS M. A combined corner and edge detec— dense two-frame stereo correspondence algorithms[J]. Interna-
tor[ C]// Alvey Vision Conference. 1988:50. tional Journal of Computer Vision,2002,47(1-3) ;7-42.
[3] TOMASI C,KANADE T. Detection and tracking of point fea— [10] , . SIFT [J].
tures [ M ]. Pittsburgh: School of Computer Science, Carnegie ,2007,26(9):1179-1182.
Mellon Univ. ,1991. [11] . . . SURF
[4] BAY H,TUYTELAARS T, Van Gool L. Surf; Speeded up ro- Jl. ,2013.30(3):921-923.
( 140 ) L. ,2014,35(1) :132-139.
30 30 [5] s . L1l
- - .2014.50(6) ; 72-76.
15 15 [6] . L1l
> 10 > 10
5 s ,2014(16) :84-88.
0 0 [7] , .
. . 0. .2014(12) 128131,
M35 35 36 a7 8 39 40 41 42 035 31 35 % 37 38 0 40 4 4
X X [8] . [J7.
5 DFSOA Ulysses16 6 DFSOA Ulysses22 12015¢1) +128-131.
[9] , , .
1. ,2015(1) :59-62.
: 1) DFSOA [10] . ) 0.
s Ulysses16 Ulysses22 ,2015(2) ; 264-268.
TSPLIB (Burmal4 TSPLIB [11] , . [J.
)32) N ,2015(13) :43-47.
3 ,DFSOA s [12] s
;3) DFSOA , [l .2015(11) :148-150.
s, [13] . 1.
TSP s ( ),2010,40(3) :19-25.
N ,DFSOA N [14] WANG Y.HE D N,GUAN Y J,et al. An improving FSOA op-
N , timization by using orthogonal transform[ C] // Proc of the Inter-
B , . DFSOA national Conference on Electronic Commerce, Web Application,
R and Communication. 2011:63-69.
Tsp L1 , - 0.
,2011,47(34) :47-50.
’ [16] . . 0.
,2013,30(1) :124-126.
1] . . 0. [17] , , . Lyl
12009.45(9) :53-56. ,2014.36(5):923-928.
(2] . e 0l [18] . .PSO 7.
,2012,48(20) : 55-59. +2011,47(8) :36-50.
(3] . . [19] ,
L. ( ),2013,40(3): L. 22011,28(4):196-199.
11-16. [20] s s

[4] . . - [1]. ,2016(17) :143-148.



