Modeling and Simulation £ 545K, 2025, 14(2), 417-424 Hans X
Published Online February 2025 in Hans. https://www.hanspub.org/journal/mos
https://doi.org/10.12677/mo0s.2025.142163

—MESLATCHS Z &S| MHRIFER
B 755k

ke
BB TR, i

Woks . 202541250 FAHER: 20254F2 180 KA HI: 20254F2H28H

HE

RatSLAMZ — 5235 D44 5 & B R 52 AL 5 H B M2 (SLAM) AR R 7 58 o 4% RatSLAME T —f AL 58
KEBETTIRTIFE A 1 2 RS P RIIANERIBOL . AICE iR T — MBI RatSLAM, X2 —F#E T
FHERIE HSLAMR S, 7] LUK ISAT - K, ACFI AT 2R 517 (MIH)EEM =5 X BAFE (LATCH)
KIS HE5, AT SR SRR, RE, B M Hragsc g sh & O e saa
FIARSEAENR, SERE G (LCD). SERERRY, KR FHRAEZARHFHMERIEEER, &
B R ERBER, RAHERIEE60%.

XK ia
BN, FRESEE, £2RII%BH, LATCH

Loop Closure Detection Method Combining
LATCH and Multi Index Hashing

Ruihua Li

Business School, University of Shanghai for Science and Technology, Shanghai

Received: Jan. 25, 2025; accepted: Feb. 18", 2025; published: Feb. 28", 2025

Abstract

RatSLAM is a simultaneous localization and mapping (SLAM) solution inspired by the hippocampus.
Regarding the poor performance of RatSLAM in complex indoor environments due to general visual
processing methods. This article first proposes an improved RatSLAM, which is a feature-based mo-
nocular SLAM system that can run in real-time. Secondly, this article introduces the Multi Index
Hash (MIH) algorithm and the Learning Arrangement of Three Block Region Code (LATCH) to
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evaluate the similarity between the current scene and the previous scene. Finally, the most similar
visual template is selected through Bayesian filtering and sliding window filtering to complete loop
closure detection (LCD). The experimental results show that the improved system has higher posi-
tion recognition accuracy in indoor environments, better performance in constructing experiential
maps, and a maximum recall rate of 60%.
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66 23 BB X 4T T @ IS8, 1EP] T RatSLAM 248 0] LL5E 3t T 4h W SLAM 155 .
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Figure 1. System frame

B 1. RGLEH

DOI: 10.12677/m0s.2025.142163 419 e RSE TR


https://doi.org/10.12677/mos.2025.142163

ot

1w

AT RatSLAM R RS = B & = /MBiEe, Wil 1 fo. R E 4 (Local View Cells) 3R 7x PR
IR 5, A (Pose Cells) R 3R M RT LA 1I1E B, AL HL Kl (Experience Map)/g —Fi#h %R,
BB ARG TD TR A AT B AR S AN o AR SR AR 2 R 6 R A P A e R G A
AEBRTTVE,  DAAE S G ) A B ]

3.1.1. B EHAR

JR AL A — N T RS, R A B O AR I P ) — N R R . ISR R — R
MUE AL BB, WIF 2 Fis. 76 MILD Sykp%Eat b, i LVC i F LATCH $5AE MR A% Sk B R 2 e
R EARFE . SR)5, JEid MIH /8 LATCH $RE T ALRIT A (ANNE R, S22 a1 UK 1, 50T
A5 AR Z 8] AR, Horp— AN IR IERR R £ 0 B m DNAFAS I F o 20X SRARAE
ANZD—NGA R E — A 5% H I, XESRFIE AR £ sl AR . H Q) #o £ ik
AL, EURARIE E X N:

,z]fzgqf(f,,f‘f)
szm(]t,lq) W (D
oy, ¢(f,.’,fﬁ)i%% LATCH HERIARAUE, g SOR:
oy |exp(-d*/c?) ifd <d,
¢(ﬁ’f’)_{ 0 ifd>d, @

Hoh, d FK LATCH B £ R 9 Z AIRIARE S, o RWESH, d, 2 TE R PSR 1E .
B J5, eI DU HE R 3% R i R A R A 2R . Y el PR A U AR R I BRI T B, AR SO T
B 1T A A 15 43 0 2 HH AR DL IR DA, A SO RN BN 100 e, ARSCN LS
UEX 3 UL 37 53 AT 36 0E . JFi8id RANSAC iHE M . RSN e mnt, FIRMB®RA 24
Bz
3.1.2. ESLARMLE

LML — B T L (CAN), X4 as PRI R B . 28 A5 4l L P 3 2@ i W 51 3h 7
2 BRI AR AL B AL FE AT S B . B, RSN B CAN FEH P B sh SR, DI S
T e . BASSHEAARE =MD MNAEER . &RMEAIE .

3.1.3. {RIGHbE
P58 b B2 — P da A 1, B 5 SR AL A R S A I A5 B A FALES A AR A fEk
36 Hh /[“ﬁmﬁ&dyﬁi%(Expenence) e, 'EHILKEILEMME PR E ARV, K54G E
o BARIGAEARI L 2 (B R AL BN p, s W AMARTG AT DL N
¢ =(BJV.p) ©
7E RatSLAM H, 25 20 i mld = 3 400 B 40 5 A7k PR AR B AT W 35 22 S, = e — AN A8 . 24
MILD SR BRI o (I RIERRT, K5 e AL B AL TR N:

Ap, = {Zf(p, p- Ap,,)+2(pk pi- Apk,)} 4)

Hr, o REIEEREL, N, ZMEK e BRI BERE, N, 2 NIHABRR BIRLS o FIBEREL

DOI: 10.12677/m0s.2025.142163 420 e RSE TR


https://doi.org/10.12677/mos.2025.142163

£ MIH&E RIFAIHHRE

’—V TREN LATCH i ST —>| TEAERSES | AR [ imae
A

HEHR

= NG iy
<G E—MssRiE - SRS |ad i EoRetett>T
; 2
wa | 2 BEEn

Figure 2. Visual processing in local view cells
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Figure 3. Experimental environment
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Figure 4. View template versus frame generated from different algorithm; (a) The results generated using the Sum of Absolute
Differences (SAD) method; (b) The results generated using ORB features and MILD methods; (c) Results generated using
LATCH features and MILD method
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Table 1. System resulting data of standard experiment

= 1. EIFMENAEREE R

HERf 2 KA [F1%
RatSLAM 22.8% 9.7%
ORB 85.7% 43.5%
OUR 100% 60%
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Table 2. Comparisons of visual procession time

2 2. MLBEALIEAT E]NTEE

Zhou [13] OUR
Time for 31th frame (ms) 194 43
Time for 1834th frame (ms) 5133 63
Total time for 1834 frames (s) 9413 108
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Figure 5. (a) The experience map generated by the original RatSLAM; (b) ORB features and MILD generated experience
maps; (c) Experience maps generated by LATCH features and MILD
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