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Review on Visual SLAM Combined with Implicit Mapping
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Abstract: Simultaneous localization and mapping (SLAM) technology can locate itself and construct the
surrounding environment in an unfamiliar environment. It has become an important basic technology in fields
such as robotics, autonomous driving and virtual reality. The implicit mapping methods have a certain ability to
complete and predict the unobserved areas of the scene and can realize hole filling in occluded or sparsely
observed areas. Recently, it has gradually become a research hotspot that integrating the implicit mapping
methods into SLAM system. This paper firstly summarized the implicit mapping methods applied in visual
SLAM and classified them based on the map storage carrier. Then, it classified and explained the visual SLAM
combined with implicit mapping based on improvement directions such as improving the mapping rendering
speed, methods for large-scale scene expansion, enhancing the mapping robustness, improving the front-end
functions and supplementing loop closure detection. It also sorted out the implicit mapping SLAM systems for
specific scenarios such as semantic mapping, dynamic scenes and multi-sensor fusion. Subsequently, it introduced
the commonly used datasets and evaluation criteria of implicit mapping SLAM systems and compared multiple
SLAM systems based on the same datasets and evaluation criteria. Finally, it summarized the improvement
methods of implicit mapping visual SLAM systems to improve their own performance, analyzed the existing
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shortcomings such as large computational load and serious forgetting and compared with the other technology to

look ahead to the future trends.
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5E J& . DI-Fusiontib 412 1 Al R Jsy 30 B oK iR
(probabilistic local implicit voxel, PLIVox), #LAX}
BEAS R E WK E AT ORE A0 R B M
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GO-SLAMIE2 ¥ H /3 H/RGB-D SDF MLP 2%}
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SLAM Z 4, HOR M6t = 4k 4 BT I WX 2% 2515
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.
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LA XTI, SR, FR-Fusion 7838 2RI 2
B (AR ZE IR T 2 P o D8R R T s AR
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JE T AR [R] 0 B s 42 LL BT 43 A 20 B U R A e
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trajectory error, ATE)JEfifE SLAM RGAMHLN %
BRER KW AR b, HEB/NBRGE. T8 ATE
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Boin SRR AL BAH, SRS ITRITAL 3 Z R4
X S22 . ATE SO T 22 50 ) B EFORS B R0 1Y
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ATE= D log (Tyr! et ) HZ

i=1
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B
5.1.2 b EH
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P, AR R, R 2 R P45 2 ) A AR ADLRE e,
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ReplicalU4i#i4E, i Z AU KM SLAM
R G F AL 4 R R P T R 2 R, o, K3k
T RGB-D %4 F1 RGB %4 iy b =X & K L 58 SLAM
RGP R T bric. BBGE B
#EM G SLAM R4, 1R/ — 84 & (R4
NVIDIA3090 GPU) Fiz 17l Hiz 47 A7 5
g R, X g5 R AT AT
5.3.1 REEtERE

£ TUM RGB-D (440D |, AL ER 45 R
W% 4 fras. Horb, frifdesk, fr2/xyz Fi1 fr3/office %
INZEARE N R 7S], #E ScanNet £ 4063
b, MMUREESE A 5 Frak. Hidr, 0000, 0059,
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0106, 0169, 0181 #1 0207 F /™ iZ B IR E N 5
5. 7 Replica 3R I, MHPLIRERZE R NER 6

fif%. v, RO, R1, R2, 00, 01, 02, 03 Fil 04 /5
17316128 SuLibE s 21 )

= 4 £ TUM RGB-D #iE &80 M RIFLER

o 4% ATE/cm
o SLAM %% fri/desk fr2/xyz fr3/office -~F3
RGB-D  ORB-SLAM2[ 1.6 0.4 1.0 1.0
iMAPL2! 49 2.0 5.8 4.2
SDFMAPI2] 3.6 1.9 3.3 2.9
NICE-SLAME 2.7 1.8 3.0 25
ESLAM[B2 25 1.1 2.4 2.0
Co-SLAM[34! 2.7 1.9 2.6 2.4
MeSLAM6! 6.0 6.5 75 6.7
MIPS-Fusion!3! 3.0 1.4 46 3.0
MLM-SLAM2 2.4 1.7 2.9 2.3
NGEL-SLAM!®! 15 0.5 1.0 1.0
GO-SLAM2 1.5 0.6 1.3 1.1
RGB ORB-SLAM2(11 1.9 0.6 2.4 1.6
DROID-SLAM[! 1.8 0.5 2.8 1.7
DIM-SLAMS®! 2.0 0.6 2.3 1.6
Orbeez-SLAMD] 1.9 0.3 1.0 1.1
i VMAPLE] 2.6 1.6 3.0 2.4
<5 7£ ScanNet ##EE G EHHRELE R
ATE/cm
S .
HAERA SLAM A% 0000 0059 0106 0169 0181 0207 Vi
RGB-D  DROID-SLAMIY] 5.4 7.7 7.1 8.0 7.0
iMAPL2] 56.0 321 175 705 321 119 36.7
NICE-SLAMEY 86 123 81 103 129 5.6 9.6
ESLAMI32 7.3 8.5 75 6.5 9.0 5.7 7.4
Vox-Fusiont®! 75 3.2 8.4 8.8 2.9
Co-SLAMB4 72 123 9.6 6.6 13.4 7.1 9.4
MIPS-Fusion!28 79 107 9.7 9.7 14.2 78 100
MLM-SLAME 4! 6.9 9.1 7.4 3.1 8.6
NGEL-SLAME! 7.2 7.0 8.0 6.1 101 6.3 7.4
GO-SLAM2 5.4 75 7.0 7.7 6.8
RGB DROID-SLAM[1 55 9.0 6.8 7.9 7.4
HI-SLAMS8! 6.4 7.2 6.5 8.5 7.6 8.4 7.4
Orbeez-SLAM! 7.2 7.2 8.1 6.6 15.8 7.2 8.7
GO-SLAM2 5.9 8.3 8.1 8.4 8.3
< 6 7£ Replica ##EE L LHEVIREFLE R
AT SLAM B4 ATE/cm
" T RO RL R2 00 O1 02 03 04 ¥y
RGB-D iMAP®! 38 68 32 33 28 38 38 40 39
SDFMAPL] 17 20 18 12 17 23 24 20 19
NICE-SLAMEY 17 21 20 11 10 18 36 34 21
ESLAMB2 0.6
Vox-Fusion33! 03 13 05 07 11 05 03 06 07
MIPS-Fusion!®! 11 12 11 07 08 13 22 11 12
iDF SLAMDB4 18 59 26 16 21 18 19 21 25
GO-SLAMI62 0.3
RGB DROID-SLAM[! 0.4
DIM-SLAMSS! 08 12 07 09 07 11 08 09 09
NICER-SLAME? 14 16 11 21 32 21 14 20 19
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GO-SLAMI®2

0.4

MFE 4~55 6 AT LIFE -

(1) LigZHT RGB-D ¥ & RGB %i#i,
Sl SLAM £ 55 (I ORB-SLAM2U)AH |,
KE B U SLAM RS 70 IR K B 7
5 —xE 22 HE.

(2) i i 51 A ORB-SLAM % %] [10-121
DROID-SLAMUMIZE 558 i 204 1) i ity 5 v, FF 3L T i
Uity 5 9% ST AR N A D SRS, fiE A% B B e Xt A
ML SLAM R 4t 4 = B OEE Mk R . P,
NGEL-SLAMI®O 5| A ORB-SLAM3[I2 Z 71 |
HI-SLAME8] F1 GO-SLAMI2 Jif 5] A 7T
DROID-SLAMM Hif g, Jf H AR ELAT 8] PR A I 24
T, XEEGEEE SLAM RGEE B
- ERRE AT Sy o R 4 SR

FrE e HE4MESXTLATUAEN, RAERE
L SLAM £ 58 1 Replica 5t 42 BO1 ) B i 152 95 3
i /N T-7E TUM RGB-DIBF1 ScanNet % 4f 4 631 |- iy
MREEIRZE, JRINZET Replical® & & i, 5

TSR A BB S5 AH L LT B A7 e 7 Fn oh A, il
4 SLAM Z i 7r Replical® |- 1) Bl i 45 5 5 952
S PR BRI 25 R 2 A v REAF AR 2216
5.3.2 @EPERE

7£ Replica (G 4B I, #R4> SLAM R G113t
FEEERME 7 pros. vJULAEH: (1) 7 RGB-D
R SLAM RGeHr, R E dE b Re i i 1 2
ESLAMBZA] Co-SLAMB4; 7£ RGB fazl &l SLAM
Z4: 1, NICER-SLAMBTFI HI-SLAMUBEIf) #b [ T
AP RERCT: X2 SLAM R G5 1 [A] R SR B L
TR A (SRR A D A 8k, L) SDF 5§
TSDF MJLfrfE BB E =L, (2) L MLP =
BN M A AG R AR S L b 5% B VR N U {5 BB
2 1 2R R I YR AR B AT RE e i L
g, 2T, RE ML S SDF/TSDF i
&5 S 7 =421, 3 53 Marching Cubes #7501
HEZRBUL —BEEm N ZhIE Mg R, A
A b R T M P A R

R 7 7 Replica HiEEF L EERLERLE

it SLAM # 4 Depth L,  Accuracy/cm Completion/cm Completion Ratio <5 cm/%
RGB-D iMAPI 4.4 5.6 79.1
SDFMAP] 3.1 5.1 83.4
NICE-SLAMEU 3.5 2.9 3.0 89.3
ESLAME 1.2 1.0 1.1 98.6
Vox-Fusion®! 3.4 2.6 90.7
Co-SLAMBA4 1.5 2.1 2.1 93.4
MLM-SLAM“4] 2.3 3.6 2.8 90.4
iDF-SLAM[34 4.9 3.1 86.3
GO-SLAMI®2 3.4 2.5 3.7 88.1
RGB iMODE] 8.9 13.9 37.1
DIM-SLAMS 4.3 5.5 77.4
NICER-SLAMI7 3.7 4.2 79.4
HI-SLAME] 3.6 3.6 4.6 80.6
GO-SLAMIE2 4.4 3.8 4.8 78.0
1 VMAPI67] 3.2 2.4 93.0

5.3.3 afrikfE

e [F]—REFF 4 (89K NVIDIA3090 GPU) . [
— ¥ 5 (TUM RGB-DI® fri/desk) F, £4
TFEE A RIS SLAM RS s17)E, KRBz
17 B AF b7 PR e S B %o L an e 8 firoR. Hip, iz
1A s s T B ¥ B NAE S, i
P B 45 2 5 2 RO A 1% Wit R 28005 A 2 TRl e st
). ¢ 8 TRk Orbeez-SLAMPOIZ 1T i
FEALS TR S R AN R, G A R
mTFZEE. TULAE S, 5 IMAPRIAT L,
NICE-SLAMBU 4 i 114 DL AA 22 4 S 776 2 AR 1)

TiEA RO T s AT, (B R BB n T B AT
B AE S ;2T NICE-SLAMBUF] ESLAME
K 2 ROE = F 1 WA A G FRRAE, R SC 8T
A7 o5 FH e ARGt 1 5 2 /5, Co-SLAM I i F
Hash 2 %4 2% R4S R B A7 5 L, [R50 AL &
S B T8V G SR BE S RE A Instant-NGPH 7 [£]
J7 ¥ LR, Orbeez-SLAM ¥ H: 55 ORB-SLAM2(11]
W I AH 45 A, R CUDA I EIESRE
SLAM R G5, SEBLT 4 im r  R BE FnAIK ) f
e H.
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SLAM R4t BT A7 5 FHIGB TP (I s7)
iMAPL] 9.10 0.02
NICE-SLAMEPY 10.87 0.10
ESLAMEZ 7.72 9.47
Co-SLAMB4 4.95 12.18
Orbeez-SLAM! 3.15 >20.02

6 HIESRE

oA E A SE SLAM X X 4k B A7
— 2 DA TN RE 7 EL H AR A B A v Y AR
VT AE Sk B 28 1N % 45 800 BIF 9E RS 7E
SLAM [ IR, 77fiff 28 1A 1Y) BE 5 25 52 ) R B2
U B RS BE L YE Y 0 i LIS AT R R
IMAPRIZE T v fifi ] MLP B0 I fEfif a4k, o]
W E S sl (Al TRRHEER
B OMLP &35, KRG TR ERE. AT
fiff P X 2 n) L, I SR AY R 22 BOR F IR 2 % AR
JfEfE R, R AHE AR S5, WS
B P s AT HE K AR\ SO R G ) A
TriESI AR WA, 30 2 0 Ve YL R AR 2 00 58
WE— BB T . HJE, ZE 5 HER AR,
S H AR E MK BN R SLAM XHRE 4140715 7Y
AL AR,

h T iR E K SLAM fPERE, A
FEANIRT AT HE Tk (1) 51 AHAL SLAM
ARG E RO %, o] A 4
ElEtt . Sl AWML ML N RGB RFEANFTIRE
S R REAE DG Ik R I [ SR A (2)
Wik RS R T m A SLAM Rge,
K R 5 Jl 43 7 3 P 543 S MLP gk A7
BT, LIS RGE L SLAM [ EEST; (3) HF
THPATES S, WAEN TR e, S5 G
Hi 043 7 3 AT SLAM AR B () S A TSR I, MIPS-
Fusion(eI4 17 MR 41 8 o G B ot 28 37 - dtb (51 /)
. BT AN ERA IR, BT ATE K
254t SLAM ZR 45 (11 ORB-SLAM Z 51| [10-120) fy iy i
5 U B 7 kAR 45 A 10062 AR A5 BEORS B 1) A
BILAVE 2 R B 85 SR R T sy o 11 o e e ] i e 25 2
R, AN FIRAY A4Sty s R Rl A, il
U SLAM B & BENS 1K BB O T BE .

SR, BaxCEEE SLAM eV £ 05 mfA e A
JE. (1) 78 SLAM A A5 7T, 2w e e
Bt SLAM ZR G0 1 [0] PR I =2 AR 4 122t 1) AR
Bt SLAM RGIREEAF, A T RECER

() B ARG DU kAT SR bk =, 5 BEE — 25 i R R
5. (2) Mg EIMERE T, FEEKE MLP ik
KA E S SLAM  F G0 i 5 5o 5 S 9 14 )
b V] 35t s ) RATY R 7 o, R SR SR U ST b TR
T 7 G R WTAT 5 9 T DA AT R ik X 2 n) T
{H R 25 R BB Y K, PTRES A 3] IR S 80
ARSI YR R, SR B =R TE Y AR
] AR AR 7= A T 0 B ke Y A TR R, BRI
T SLAM RGLis 7l it — 7. (3) 7EfFE
N5 T, RO A2 Sl RO AN R R I R A5 R
AHPLER B g DR B, sh &Yt e/ EI S
e T rkat i@t B SLAM RGN KRGS, HXTE
Sl P AP 1) S PR R AT A B AR T8 L B TR A
W 2 S ECE Y s BB AL L ey 52
MENEG s T tEae i R E s SLAM &
IR A T, M Ah, TE e AR ) R AR AL AR
FR KA AR, SLAM REEH BA7 5 FZECR A
B DR R L E DL RS BB g b, R &R
30 0 AE it 2 A RN R A R R ) F ).
P, BT E PCR AT 3D m &
Ik (3D gaussian splatting, 3DGS)®6)f i = & 7%,
B2 BT 454 3DGS K AL I SLAM R 4167881
5K 2280k = 1 R 0 )6 4 43 5 XA T Y A e
3DGS #5581+t % 3DGS At [ T i Al SO G
Ao s B T e, o A DR U B R
i KA E G 72, T 7 3DGS & K4 = 1)
Yk e, 15454 3DGS M5 SLAM R4 B
BRAIE AT, 24T, 3DGS Ml SLAM &3k
MEZXE, BHARGINE —E R, wihie
5 B0 23 X138 A7 45 7 A FE RGN, U S B
RSP R, AR X d, 3DGS 7t [F A XA
A, SfEE R E A, I S R E
e SLAM 2 GiAH L, 3DGS #38 SLAM R4k =
HEMZHIE MRS I, 1T B8 2 %) i K] 7 4
g, e EIE SLAM R 42 fl 3DGS
Mt SLAM REA ALY, TR bR IE S AE A
IS Bk < S 0 <0 o WL i L . e v Y
oAb, LI SLAM R G MEfeny ik — L iR
KIS ZM5E SLAM R g ra st gt &
FE T A AR i g (B 43 257 1, ARG e R
Pt | AT B | RGN A4 kb FE RN 4 RE 5
AT, X 2R A AR SLAM #
RFEFTLRA; FE T RSCEEITE SLAM REH
PR O A R 45 SR R AT M RE R AT X L b e
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