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An improved algorithm for fast image matching based on SURF
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2. Science and Technology on Electro-Optic Conirol Laboratory ,Luoyang 471009, China)

Abstract ; The traditional SURF algorithm using a fixed threshold in image matching has problems of uneven feature points, low matching
accuracy and high time complexity. To address these issues, an improved fast image matching algorithm based on the SURF algorithm is
proposed. Firstly, through the statistical analysis of the response of the Hessian matrix, an adaptive threshold method is proposed to
extract more effective feature points in the image pyramid. Then, the method of quadtree is introduced to homogenize the proposed
feature points to reduce the false matching rate. To prevent the quadiree from being over-split, this article proposes an adaptive split
depth method to improve the quadtree. Finally, this article combines the BEBLID binary descriptor with the improved SURF algorithm
for the first time, and uses the sampling mode based on machine learning to build strong descriptive binary descriptors for feature points,
which improves the matching accuracy and enhances the matching speed. Experimental results show that the matching accuracy of the
proposed algorithm in the Mikolajeyzk image dataset test is 9. 7% to 27. 0% higher than that of the traditional SURF algorithm, and the
speed of algorithm is more than 50%. Compared with SIFT, SURF, BRISK and ORB algorithms, the improved algorithm proposed in
this article has better robustness and real-time performance.
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1.2 ETFMXIXHHFERESL
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WA ARSI S b RE A
T . Bestkeypoint ; Hessian el sy N VA (RO P IVA e R (1

1 B SR 7 e KR D,

2. *Eﬂ?n%‘%ﬁ%%ﬁ)ﬁ%[ﬁ%ﬁ}?Fﬂ@ﬁ%ﬁé%ﬁ,ﬁ%{ F,
3. WIGAE 1,— DSBS SRR A

4: TS EEHBIIRIE: n, ny, 0y, 0y

5. while | finish do

6. ifD>D, then

7. finish == true

8. else if NodeKeypoinis = O then

9. delete node

10. else if NodeKeypoints = 1 then

11. finish == true

12; else

13 Divide the current node by quadtree
14:  end if

15. end while
16. if finish == true then
17, fori=1,2, .-, Ndo

18 MaxResponse < kp[ 1]. response

19. if kp[i]. response > MaxResponse then
20, MaxResponse «<— kp[ i]. response
21, Bestkeypoint «<— kp[i]

22 end if

23. end for

24 . end if
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Fig. 1 Divide feature points based on quadtree
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Fig.2 BEBLID descriptor extraction workflow
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Fig.3 Matching effect on bikes image set
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Table 1 The average matching accuracy of the test

image set %

Bk Bark Bikes Leuven UBC Wall

SIFT 92.4 63. 1 85.2 87.5 95.2

SURF 69. 8 75.1 79.5 84.7 80.2
BRISK 89.9 67.2 87.3 93.6 93.5
ORB 71.2 80.3 82.3 9.9 81.9

SUBE 96. 8 91.3 89.2 95. 1 93.8
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Fig. 4 Robustness test curves of different algorithms
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Fig.5 Real-time performance of different algorithms
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