46 % H2 M B % ¥ K ¥ F K Vol.46  No.2
2026 43 A JOURNAL OF XI’ AN UNIVERSITY OF SCIENCE AND TECHNOLOGY Mar. 2026

ZEIE R, kMG, AR ARG, BT RURHAEFT HNSW 2% AL 58 SLAM PAJERAGIN 532 [ ) . PHLE R34k , 2026 ,46 (2) :256—
266.

LI Guomin,ZHANG Pengchao,ZHU Daixian. Loop closure detection algorithm of visual SLAM based on dual features and HNSW
network [ J ]. Journal of Xi’an University of Science and Technology,2026,46(2) :256-266.

H F IW4FEF0 HNSW [ 2% B9 #7155 SLAM
A I N &L

FER,KEE, AL

(PULPHRF AE 505 R LR, BV 1542 710054)

W OE AT S AT A ok R R S — A AR R AR B AR B A AR R L, W R R AT A ARt
K, Bk I SR A R AR e 52 B £ 89 19 A, 32 R — AP K T ResNetl8 A AU fE fofE 45
ORB A T4 4E 5F 25 & B KA T S0/ #57 HNSW ) 2469 1] 314 ok, 4 2o 2T B 4242 R
ResNetl8 A4 fEf» ORB A T4 4E | 3 i #2269 AL 50 18 $F) 1 VLAD ik sF R B fE ik 47 %8
% 2 FF VLAD % #54) A 24K Gk oA & A BB A7 kA LR A A & R AL T F-At s -  HNSW
W 2 M3 VLAD % 5| 454, 34 @k 4 VLAD % Al 47 hmik 4 %, 5F 72 ] R0 ) O FF 2095 4 B 34T
ik, 2R AW AR T £ — ResNetl8 A ARAFLILE) VLAD % a4 K T 45 4E @k 4 VLAD % 7% 64
H % 4 NewCollege #= CityCentre 283 5% L9 I ZRAENEH E 5 S T 29% F= 20% ; A8 6 T 7
Y5 ke R A3k, R HNSW W 269 VLAD & 5] 45 3% & Sk 42 NewCollege 4% 45 L 64 1] 2R
BEEHE TET 51% , R o i SRAR M o & ik 85% o Bk T AURFAE Ao HNSW [ 25 89 1) 2R 4
WSk LA A SRR A B e g R AT 1A 42, S oH 04 SR AT ] SR R SRR T — AP AT Y R

XS
SR ALIE STAM 1SR4l AL 3992 VIAD s HINSW %
FE SRS TP 391 MEFRERD: A XERS:1672-9315(2026)02-0256-11

DOI:10. 13800/j. cnki. xakjdxxb. 2026. 0203

Loop closure detection algorithm of visual SLAM
based on dual features and HNSW network
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( College of Communication and Information Engineering, Xi” an University of Science and Technology, Xi’ an 710054, China)

Abstract: When the current loop closure detection algorithm uses a single feature to characterize the
image, the effective information of the image is insufficiently characterized, and there is an excessively
long time-consuming in the image loop closure search, resulting in low loop closure detection accuracy
and poor realtime performance. Therefore, this paper proposes a loop closure detection algorithm based
on ResNetl8 convolution features and traditional ORB artificial features combined with hierarchical
navigable small world networks. Firstly, the ResNet18 convolution features and ORB artificial features

were extracted from the detected image. The extracted features were encoded by the constructed visual
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dictionary using the VLAD algorithm, the two VLAD codes were fused by the optimal fusion weight co-

efficient, Secondly, the VLAD index structure constructed by the hierarchical navigable small world

HNSW network was used to accelerate the retrieval of the fused VLAD coding. The results show that:

Compared with the VLAD coding based on single ResNet18 convolution features, the algorithm based

on dual features fusion VLAD coding improves the accuracy of loop closure detection on NewCollege

and CityCentre datasets by 29% and 20% respectively. Compared with the global traversal search of

the original algorithm, the total loop closure search time on the NewCollege dataset using the VLAD in-

dex structure search algorithm of the HNSW network is reduced by 51% , and the accuracy of loop clo-

sure detection was as high as 85%. The loop closure detection algorithm based on dual features and

HNSW network has high loop closure detection accuracy and short search time, which provides a new

design scheme for high precision realtime loop closure detection system.

Key words: visual SLAM; loop closure detection; visual dictionary; VLAD fusion; HNSW network
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Fig. 1 Loop closure detection method
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Fig.2  Overall block diagram of the proposed algorithm
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NewCollege and CityCentre datasets

BEZSH(«,B8) AP fEH(NC) AP {1 (CC)
(1.0,0.0) 0.61 0.60
(0.9,0.1) 0.65 0.62
(0.8,0.2) 0.71 0.66
(0.7,0.3) 0.79 0.70
(0.6,0.4) 0.86 0.73
(0.5,0.5) 0.83 0.75
(0.4,0.6) 0.78 0.72
(0.3,0.7) 0.71 0.68
(0.2,0.8) 0.63 0.62
(0.1,0.9) 0.57 0.55
(0.0,1.0) 0.55 0.53
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Table 4 Comparison between total and average search

time for loop closure detection

"k AL IE]/s S84 1]/ ms
ORB-DBoW2 3.14 3.10
ResNet18—-VLAD 3.63 3.58
ResNetl8-VLAD_F 4.38 4.32
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SUhE 2.14 2.11
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