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Disparity image feature matching algorithm based on AKAZE
and adaptive local affine matching
ZHU Daixian', WU Dong', LIU Shulin®, LIU Lingzhi'
(1. College of Communication and Information Engineering, Xi'an University of Science and Technology,

Xi'an 710054, China; 2. College of Electrical and Control Engineering, Xi'an University
of Science and Technology, Xi'an 710054, China)

Abstract: Aiming at the problem that common image feature matching algorithms will produce a large number
of mismatched points in the image feature matching stage for images with parallax, a image feature matching
algorithm combining accelerated-KAZE (AKAZE) algorithm with adaptive local affine matching was
proposed. Firstly, the AKAZE algorithm was used to extract the feature points. Then, the binary descriptor M-
LDB was used for description and the brute force matching was performed to generate coarse matching point
pairs. Finally, the image-based affine transformation could provide the characteristic of strong geometric
constraints, and adopted adaptive local affine matching to complete fine matching. The experimental results
show that the algorithm has the effects of uniform extraction of feature points and accurate matching for image
matching with rotation change, scale change, and viewing angle change at the same time. The number of
correct feature points extracted is increased by average 1.66 times compared with SIFT algorithm, 1.08 times
compared with SURF algorithm, 6.92 times compared with ORB algorithm and 1.23 times compared with
GMS algorithm, respectively. It can meet the needs of image matching with large disparity.

Key words: accelerated-KAZE; adaptive local affine matching; feature matching; disparity
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Fig.3 Image matching results of scale and rotation change
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Table 1 Feature matching points statistics
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Table 2 Time consuming algorithm for different types of images
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Fig. 6 Practical application results

& 6 T LLFE H: AKAZE 875 X F 20 3 4 01
L[] e A A RLBE e 5 A0 Ak g R 2 P 45t £ 7 DL g



- 1054 - AP S 542 % % o
A AR R iRV 5 AR A 27 AKAZE & Piscataway. USA: IEEE, 2011: 2564-2571.
B R B 45 S AdaLAM B a1 R #6405 5 DL AR [7] LEUTENEGGER S, CHLI M, SIEGWART R Y. BRISK:
BSE, B T S AR RURRAE A6, DT A E & 6 A binary robust invariant scalable keypoints [C]//Interna-
22 RIS I 4R E DG FC 235 o 4 tional Conference on Computer Vision. USA: IEEE, 2011.
[8] BAY H, TUYTELAARS T, GOOL L. V. SURF: speeded
3 Hs 2:|: up robust features[C]//Proceedings of European Confer-
RSO T — R 2L TG AKAZE 19 ELAS W0 ence on Computer Vision. Piscataway. USA: IEEE, 2006:
25 PR QU D 058 25, 61 X002 P (5% 5 T ok 7 o
16 T REE | WERE | AR A AL B R IR E L 7 [9] MKz, 20, iR, 3T Mg iE shge it B 3
5 e A 5D I 1 )55, SR FH AKAZE 25 3= 35 BURRAiE BRI DT RCAEE (1], AR PR R 2 2R (A AR ),
FEREFPHLDGAD, 36T 1138 W 41 A TR AL AL 2020, 48(1): 37-40.
R L S 4 L B AR S v 1 AL AETE R LIU Chang’an, Al Zhuang, ZHAO Lijuan. Self-adaptive
Ll F R N S A AR e T, AT image feature matching algorithm based on grid motion
v R BB AE S R T 1;;% EI/J HEF DT R statistics[J]. Journal of Huazhong University of Science
Al i T N Z AR LA K 8 = 4 45 ¥ 25 38 B 77 and Technology(Natural Science Edition), 2020, 48(1):
Eiﬁ?j(ﬁ%@f%LﬁlE@ﬂﬁ’ﬂ%m,ZIKjC%YzJEE"JK 37-40.
T 2 A B R E K 40 U TC S 14 158 VS 0 B B #E A [ 10 ] BIAN J, LIN W, MATSUSHITA Y. GMS: grid-based
£, T — 0wt ann] £2 2 vk s R | 45 iE s AT motion statistics for fast, ultra-robust feature correspond-
(] AT 4k SE 5T ence [C]//Proceedings of the 2017 IEEE Conference on
Computer Vision and Pattern Recognition. Washington,
P DC: IEEE Computer Society, 2017: 2828-2837.
(1] ET e, R e RTF ISk L), b T [ 11 ] FISCHLERM A, BOLLES R C. Random sample con-
BRI 2021, 57(2); 18-27. sensus: a paradigm for model fitting with applications to
XIA Dan, ZHOU Rui. Survey of parallax image registra- image analysis and automated cartography [J]. Commu-
tion technology[J]. Computer Engineering and Applica- nications of the ACM, 1981, 24(6): 381-395.
tions. 2021, 57(2): 18-27. [ 12 ] B3esie, X505, FHOF, 55 0 FABE R 2 G DHE
[2] SCHONBERGER J L, FRAHM J M. Structure-from-mo- kL. T B3, 2020, 46(11): 77-82.
tion revisited[C]/IEEE Conference on Computer Vision & YANG Xuanxuan, LIU Jingyong, WANG Yanfen, ct al.
Pattern Recognition. USA: TEEE, 2016: 4104-4113, Stitching algorithm of large parallax images in under-
[3] CAMPOS C, ELVIRA R, RODRIGUEZ J I G, et al, ground roadways[J]. Industry and Mine Automation,
ORB-SLAM3: an accurate open-source library for visual, 2020, 46(11): 77-82.
visual-inertial and multi-map SLAM[C]. [S.L.]: arXiv, [13] CAVALLI L, LARSSON V, OSWALD M R, et al.
2007 11898, AdaLAM: revisiting handcrafted outlier detection[C].
[4] DISSANAYAKE M, NEWMAN P, CLARK S, et al. A [8.1.]: arXiv, 2006: 04250.
solution to the simultaneous localization and map build- 14 ]t IR, 0 RIS JET AKAZERFAE 9 5 41 30 5
ing (SLAM) problem[J]. IEEE Transactions on Robotics FUIEMRITIL T]. IHFHLT AR, 2016, 42(7): 251-256.
and Automation, 2013, 17(3): 229-241. XU Ben, ZHOU Zhihu, FAN Zhongliang. Digital Video
[5] ZHANG Feng, SHI Limin, SUN Fengmei, et al. An im- Image Stabilization Algorithm for Complicated Shakiness
age based 3D reconstruction system for large indoor Based on AKAZE Features[J]. Computer Engineering,
scenes[J]. Acta Automatica Sinica, 2010, 36(5): 625- 2016, 42(7): 251-256.
633. [ 15] ALCANTARILLA P, NUEVO J, BARTOLI A. Fast ex-
[6] RUBLEE E, RABAUD V, KONOLIGE K, et al. ORB: an plicit diffusion for accelerated features in nonlinear scale

effi-cient alternative to SIFT or SURF [C]//Proceedings of

the 2011 International Conference on Computer Vision.

spaces [C]//British Machine Vision Conference. [S.1.]:
[s.n. ], 2013.


https://doi.org/10.3778/j.issn.1002-8331.2007-0040
https://doi.org/10.3778/j.issn.1002-8331.2007-0040
https://doi.org/10.3778/j.issn.1002-8331.2007-0040
https://doi.org/10.3778/j.issn.1002-8331.2007-0040
https://doi.org/10.3778/j.issn.1002-8331.2007-0040
https://doi.org/10.3724/SP.J.1004.2010.00625
https://doi.org/10.1145/358669.358692
https://doi.org/10.1145/358669.358692
https://doi.org/10.3969/j.issn.1000-3428.2016.07.042
https://doi.org/10.3969/j.issn.1000-3428.2016.07.042
https://doi.org/10.3778/j.issn.1002-8331.2007-0040
https://doi.org/10.3778/j.issn.1002-8331.2007-0040
https://doi.org/10.3778/j.issn.1002-8331.2007-0040
https://doi.org/10.3778/j.issn.1002-8331.2007-0040
https://doi.org/10.3778/j.issn.1002-8331.2007-0040
https://doi.org/10.3724/SP.J.1004.2010.00625
https://doi.org/10.1145/358669.358692
https://doi.org/10.1145/358669.358692
https://doi.org/10.3969/j.issn.1000-3428.2016.07.042
https://doi.org/10.3969/j.issn.1000-3428.2016.07.042

NG 2021, 42(6)  RARSE, 5 AKAZE 454 A 38 N =05 59 DO e i 0 22 RS DE Lk« 1055 »

[ 16 ] KEVIN K. Geometric estimation with local affine frames ion, 2004, 60(2): 91-110.
and free-form surfaces[D]. Germany: University of Kiel, [ 18 ] MOISAN L, STIVAL B. A Probabilistic criterion to de-
2009. tect rigid point matches between two images and estimate
[ 17 ] LOWE D G. Distinctive image features from scale invari- the fundamental matrix [J]. International Journal of Com-

ant keypoints[J]. International Journal of Computer Vis- puter Vision, 2004, 57(3): 201-218.


https://doi.org/10.1023/B:VISI.0000029664.99615.94
https://doi.org/10.1023/B:VISI.0000029664.99615.94
https://doi.org/10.1023/B:VISI.0000029664.99615.94
https://doi.org/10.1023/B:VISI.0000013094.38752.54
https://doi.org/10.1023/B:VISI.0000013094.38752.54
https://doi.org/10.1023/B:VISI.0000013094.38752.54
https://doi.org/10.1023/B:VISI.0000029664.99615.94
https://doi.org/10.1023/B:VISI.0000029664.99615.94
https://doi.org/10.1023/B:VISI.0000029664.99615.94
https://doi.org/10.1023/B:VISI.0000013094.38752.54
https://doi.org/10.1023/B:VISI.0000013094.38752.54
https://doi.org/10.1023/B:VISI.0000013094.38752.54
https://doi.org/10.1023/B:VISI.0000029664.99615.94
https://doi.org/10.1023/B:VISI.0000029664.99615.94
https://doi.org/10.1023/B:VISI.0000029664.99615.94
https://doi.org/10.1023/B:VISI.0000013094.38752.54
https://doi.org/10.1023/B:VISI.0000013094.38752.54
https://doi.org/10.1023/B:VISI.0000013094.38752.54

