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Matching binary feature search algorithm of bitmap locality sensitive hashing
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Abstract; To solve the issues of low efficiency and less inliers of existing matching binary feature
search algorithms, a Fast Calculating Bit Map algorithm (FCBM) and a Bit Map Locality Sensitive
Hashing algorithm (BMLSH) are proposed. First, the bit vectors of the binary features extracted
from left image is calculated and the FCBM is used to calculate bitmap of each bit vector. Second, the
bitmaps of the bit vectors are taken as the key words, and each keyword and its corresponding binary
feature identifier are used to construct local sensitive hash table, then the maps are stored in the hash
table. Furthermore, the keywords in the hash table are stored in the bit set. Finally, the bit set is
used to judge whether the bitmaps of right image binary feature exists or not in the hash table, and
the query of matching binary features are optimized to improve the search efficiency and quality.
Experiments show that the proposed BMLSH can improve the search efficiency and increase the
number of inlier points.
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Fig. 1 Performance of proposed method under

different number of hash tables
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Table 4 Number of inliers for different algorithms

under luven dataset

Bk 12 113 114 115 116
BMLSH 2412 1832 1452 1106 769
MPLSH 2399 1791 1391 1097 711
LINEAR 2265 1668 1273 989 633
HCT 2133 1563 1223 908 628

#x5 luwen BEERRAHEENFHEGHE
Table 5 Average query time by different algorithms

under luven dataset s
Bk 1l2 113 114 115 116
BMLSH 609. 135 666.046 653.318 618.985 588.947
MPLSH 655. 606 710.688 696.010 684.221 649.685
LINEAR 1102.289 1077.587 1028.373 963.901 862.694
HCT 1125. 887 1061. 947 1000. 814 892.638 816.983

F 6 trees AERREEHNESH
Table 6 Number of inliers for different algorithms

under trees dataset

Hk 112 113 114 115 116
BMLSH 967 646 365 224 98
MPLSH 903 653 334 185 92
LINEAR 781 552 280 155 73
HCT 744 548 289 154 80

F 7 trees BERBE XN FHE A E
Table 7 Average query time by different algorithms

under trees dataset s
Rk 1l2 113 114 115 116
BMLSH 611.968 597.642 600.020 636.769 549.131
MPLSH 710.860 710.031 721.825 639.613 694.181
LINEAR 1169.848 1175.715 1171.077 1174.665 1179. 417

HCT 1074. 866 1145.758 1061.305 1155.277 1065. 505
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