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Abstract

Principal Component Analysis of Traditional Scale-Invariant Feature Transform (PCA-SIFT) is
used instead of Traditional Scale-Invariant Feature Transform (SIFT) method which has a large
amount of data, and needs long time. Principal Component Analysis of Traditional Scale-Invariant
Feature Transform (PCA-SIFT) changed histogram method for main element analysis method, ef-
fectively reducing the dimension of the feature descriptor, decreasing data, improving the match-
ing rate. Firstly we extract all the feature descriptors from the two matching images, and match
them with the enulidean distance ratio, and then we use the Random Sample Consensus (RANSAC)
algorithm to remove false matching. The experimental results show that the PCA-SIFT + RANSAC
algorithm is more stable, more accurate and more rapid.
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Figure 1. Generation of SIFT descriptor
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Figure 2. SIFT matching results
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Figure 3. PCA-SIFT matching results
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Figure 4. PCA-SIFT + RANSAC matching results
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Table 1. Experimental data
7= 1 LERE

A7 U =A0S)) 5% VC L 2R (%) 5 H) (s)
SIFT 67 5/67 = 7.4626 10.2785
PCA-SIFT 73 473 =5.4794 6.9829
PCA-SIFT + RANSAC 68 2/68 = 2.9411 8.0190
Table 2. Multiple sets of experimental data
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S SIFT PCA-SIFT PCA-SIFT + RANSAC
DEHL A () 30 17 13
1 R ULHCE (%) 3/30 = 10.0000 2/17 = 11.7647 1/13 = 7.6923
IS 2.6192 1.3431 2.0307
VLAC AL (RT) 19 11 8
2 ICHE R (%) 2/19 = 10.5263 1/11 = 9.0909 0/8=0
NEIS)] 11.0054 7.6972 8.5505
VGTL s (K 31 32 28
3 5% IL L 2 (%) 3/31=9.677 3/32 =9.3750 1/28 = 3.5714
5 [H] (s) 11.2439 6.2501 7.5552
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