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TABLE 1I
APE (m) / RPE (m) of SLAM systems on Snail Dataset

Seq ID  FAST-LIO2 [10] RIO LRIO AF-RLIO
81R 203.3/0.555 216.7/0.828  168.0/0.536  24.9/0.387
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Comparison of APE (m) / RPE (m) in the smoke environment

FAST-LIO2 [10] RIO LRIO AF-RLIO
SMOKE 12.8/0.141 0.67/0.116  0.63/0.115  0.55/0.114
= = GroundTruth
= FAST-LIO2 N~
21— RO e e
—— LRIO
_2{ = Proposed

Y (m)

_________________

X(m)

Fig. 5. BUSCHt AN B R T He .
FATRET —NEHESE, ICF T ATE— 1 E T
W35 R A A8 0 B MR SR IGO0, SRR e
THOLERWARGER, R T HME KA K.
R AE A AR 55 58 e FHPS ) X3, 0 ER B AT SR M DA
PR ER S BE. BEEREHET, BOLE LB
W HAG AT HER S =80 . B R T R Lk 5 HiAth
SLAM HEAEMERE R LT, M I @R T
fgiR2E. APAE 1, FAST-LIO2 7EAH5E H B S Rk
B, BFUAFEX RS RSO E A A YR 2 R . B
S& RIO 1 LRIO RN MO AR 03, (HHMERR A
i AF-RLIO, FMEAEHE T iRZETIL T ToERsE
B e 2T AT T

D. GPS-Hesk 3Rz,

MSC ¥4 d URBAN B0 5513 &t —4 GPS
SO MOERI A R, X S ER E A S R . 4L
NHEA BRI, BHE AT M E R, (HAEHEA
—MNEIFIEE G, GPS B2 W28 15 5 A .

TABLE IV
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