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Background

- SLAM(Simultaneous Localization and Mapping): S A| & | X|FH 2 X|£%

o X —|I-)\o-|
=ps
-/ 1
-SLAM € 02|F0| B =l 2822 vtF| 2| ™ =, 7t 2t & 7[Ef & MMM 712
HO|EHE AtESI0 Zest F2 Qo] &= nhet
-AAZtC 2 AFEEHI 5740 Tt WEE O|glist 0 A8 = JUEE 7t
-0l 2Z&£9| 4 &7, Xt Tl Xt2Fo| vl 7t =Xt O] X[ 2| &t H 0.8 E& £ F,
AR/VR contents A&t § &2
LT TaY
- 7| & Hand-crafted, Rule base 2A19| 2 X| At=h =l H
- 85 7| 312} Dynamic/Poorly B A KN 2HA EX| 2 Deep Learning 7| gt BH Al CHE
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Background

» 3DGS(3D Gaussian Splatting [SIGGRAPH 2023])

.2 X

-2+ point cloudE& &M 2 £ St 3D GaussiansE a-blending StH image 48 75
- MultiviewS &l Gaussians2| parameter(p, Y, scale)& update
.= Q Al
=Y = RSSTRT, Y = jwywT)T
;' Projective Transformation2| Jacobian(H 0[&) ], World2Camera W

Y =Y2l 2D projection
-C(p) = X i) [521(1 - fi(») f‘eXp(——(x)TZ '(x))

- 21}
_|:||:||-% i"ﬁz—'l\—E ol Rendering =0 e | —» .
Project.
- —_— = — LY /
- DO:| A| &l‘l o|_| _IO_ |7—|- :tl- <DI_ EE %II-IOI- 7 I-S ..::: — | Initialization [—» “. / > E;:;r:;[eijiilei 2 Image
SfM Points 3D Gaussiam\ Den‘:;jl?fpg::lml | o G
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SplaTAM

* Introduction
- 3D Gaussian 7|8t S 7t H#7d HHAL 0|8 & sLaAM 9
-3DGS2| 52 EZ! 9| reconstruction 2} real-time rendering & 0| &
- £F unposed monocular RGB-D camera O|-& 3D Gaussian 2™ 8 75
- Radiance field 7|2t E3 2 Al (implicit representation) $HA| & 0to| H| 1t
ALt SEd, 01212 edit, 7|0t B HA|E &=, ‘catastrophic forgetting” ‘2
a

SLAMZ| = bt frame &t&5 1

SplaTAM

PSNR:27.4 dB

Depth L1: 0.9 cm

1 . Ground
[ Truth
P i 2
i - 3 e SplaTAM
SplaTAM: 0.6 cm 3’;0 e;:sg' x."'
SOTA Baselines: X g ~
- PSNR: 24.2 dB Depth L1: 1.9 cm
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SplaTAM

 Main Contribution

- Fast rendering and rich optimization
-400FPS 2 £ 9| rendering 7t
-Multiview CH & st& A0[RI H 7| = GS2 EHE SLAM 72| 5t

- Dense photometric loss =8 7=

z|>

EH
=

- Maps with explicit spatial extent
-Gaussiang T2 EM O|HOf| ASEUE EH = A 75
- M 22 image frameO| XS & Z 2, silhouette rendering =3l new content &t 7tHs
= Implicit2] 42 global changes 24 © £ unmapped @< X| &N HEA
- Explicit map

~-Map2| =&

=38 GaussianS =7t O 2 M flexibledtA =X 7ts
-HHO 5 EY e

=
A edit 7t=
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SplaTAM

 Main Contribution
S AE

|.

-Top-Left : Sl & frame RGB-D € 3 0f| CiSHO 3D Gaussian map H 2
-Top-Right : 22 ¥ & O|0O|X|0f Cist 7tH2t Z=E =

- Bottom-Right : silhouetteZ} input depth 7|2t 2 A 22 GaussiansE 722 EM Map
capacity 2%

- Bottom-Left : Differentiable rendering= & Sl Gaussian map update

Gaussian Map G, (1) Camera Tracking E, _y — E,
LT :
M
, . i
(Sil > 2) = Render(Gy—y, E') [~ e
Gaussian Splats Incoming Frame F, /\ (Sil>2)« F, E, = argmin||(Sil > A) + (Render(G,_,.E' ) - F))||;
S
(3) Map Update G, \ / (2) Gaussian Densification G{
ﬂ
Render(G,_y,E,)
! d
G = ar;:mmz ||[Render(G', Ey) — Filly Current Frame F, (SE < Agensify) * Fe G§ = Densify (G, Fr. E,, Sil)
B
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SplaTAM

 Main Contribution

- Gaussian Map representation

- Z} Gaussian< 87l parameter2 -3

::RGB ¢ 37H}, center position u € R3, BFX|F r, opacity o € [0, 1]

- 3XHR S| B xOf| CHSF opacity : f(x) = o exp(

-C(p) =Xk, cifi@ 1211 - i), u?P= K%”,rw =

=2 K : known camera intrinsic matrix

llx —H”)

:': B¢ extrinsic matrix (rotation & translation) at frame t

;+f : focal length, d : camera coordinate 0| A1 2| depth

-D(p) = XL, difi(@ IT525(1 — (), S(p) =
.= Depth rendering & Silhouette rendering

R AW THEE D
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SplaTAM

 Main Contribution

- Camera Tracking
- Xj| ¥ ==l RGB-D imageS Sl camera pose &8
~Etp1 = E¢ + (E; — Ep)
s 22 timestep2| pose= O 0|5 &= FX[oHCt 7+
~-RGB rendering= & ¢ Gradient-based Z| & =}
~Le = 2,(5(@) > 0.99) (L1 (D(p)) + 0.5L,(C(p))
- @A A AHEL Silhouette 7| 2F minimize Loss

.= Depth2t color render®i| CHSF L1 loss =&

::5(p)>0.995 &l OtH S=o| o5&l SFHTH= Sl pose estimation
v7| & Gaussian2 2 H|ul 7hsot HHUS ohHotE 2 XMt d5 gy

Tondha VDS
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SplaTAM

 Main Contribution

- Gaussian Densification

- Densification Mask ‘& = ol & G 0| CHSIY Gaussian densify T

—
- = 295| dense?t SO I3H S A= Gaussian =7}SHX| % &

(=)

-M(p) = (S(p) < 0.5) + (Dgr(p) < D(P))(L1(D(p)) > 50MDE)
- DenseStA| &2 S<0.5

LS — C)_I

v7|Z GaussianO| XtX|SHX| b=

;= GT DepthZt 0| & =l Depth 2. C} H0j| [ median depth error2| 504 O] &9l AL
vOcclusion 2 MEL SN|7F Mt 4

— Dgr
f

;'+ First frame initialization2} & & oF &A1 O

R 447 TSk
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SplaTAM

 Main Contribution

- Gaussian Map Updating
- =™ = online 7t 2} == 7.;! ot= HHE © 2 3D Gaussian Map It2t0|E IG|0|E
- Pose Estimation2t =2 117 =l pose0| CHSHY Gaussian Parameter Update
-0|0] & 2{Z!l posed |mage01| radiance field= fittingSt= “classic”er & A 1F 271 X| X}HO[H
7| &2 Multi-view L &F 3DGS &
-1. 7t Z[ 20| 7= El MapOl| A X & 2} A&

-2. 2= keyframesOl| CHo =SHX| B0 M2 7t Gaussian0f| &= 02 7530
U= =2 Y HEE = Update

Zt NEH R frameS S S XY frame, 2! keyframe, &4 Xl frame2t
4 NT == > y T = Parameter Update
keyframe2 = 41 Ef overlapO| 2 k-27H| keyframe 41 EH P

R S THSED VDS
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SplaTAM

o Datasets
- Replica

Z

A dataset £ =2 H2HE QF 2HY El depth map
Z 5l frame?Zt M2 S22 2 simplest benchmark
GBD & ScanNet
A 9| RGB2} Depth image
- Depth2| B % missing information T =AY
~Color2| A< motion blur Ct&F =X|
- ScanNet++
-DSLRE F 5 &l &™, dense®! trajectories
- Color2} depth imagel| =2 =%
-2 8 g0 HE = EH I E novel hold-out view =X
~Replical| 2 308l ‘2| 7IH| 2} O] & H =

r£2|10¢
:UJ>0

jo
D1t|

_l
C
o<
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SplaTAM

* Result & Discussion

- Quantitative result

- Camera-Pose Estimation Result

Methods

Avg.

1

Point-SLAM [30]
ORB-SLAM3 [3]

3438
158.2
SplaTAM 1.2

2960.7
156.8
0.6

390.8

159.7
L9

ScanNet++ [48]

Methods Avg

frls frl/
" desk deskZ2

4.84
6.91
1L.98

3.70
2.53
Lo

Kintinuous [41]
ElasticFusion [42]
ORB-SLAM2 [23]

NICE-SLAM [53]
Vox-Fusion [45]
Point-SLAM [30]
SplaTAM

15.87 426
11.31
8.92
548

7.10
0.83

TUM-RGBD [36]

SOGANG UNIVERSITY
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Methods Avg. RO R1 R2 0f0 Ofl Of2 0f3 Of4

Vox-Fusion [45]  3.09 1.37 470 1.47 8.48 2.04 258 1.11 2.94
NICE-SLAM [53] 1.06 097 1.31 1.07 0.88 1.00 1.06 1.10 1.13
ESLAM [12] 0.63 0.71 0.70 0.52 0.57 0.55 0.58 0.72 0.63
Point-SLAM [30] 0.52 0.61 0.41 0.37 0.38 0.48 0.54 0.69 0.72

SplaTAM 0.36 0.31 0.40 0.29 0.47 0.27 0.29 0.32 0.55
Replica [35]
Methods Avg. 0000 0059 0106 016% 0181 0207

Vox-Fusion [45] 2690 68.84 24.18 8.4l
NICE-SLAM [53] 10.70 12.00 14.00 7.90
Point-SLAM [30] 12.19 10.24 7.81 B8.65
SplaTAM 11.88 12.83 10.10 17.72

27.28 2330 941
10.90 1340 6.20
22.16 14.77 954
12.08 1L10 746

Orig-ScanNet [5]

13



SplaTAM

* Result & Discussion

- Quantitative result

-Train View Rendering Performance on Replica

Methods Metrics Avg. R0 R1 R2 Of0 Ofl Of2 Of3 Of4 Rendering performance’t &8 O 2 A& =
PSNR 1 24.41 22.39 22.36 23.92 27.79 29.83 20.33 23.47 25.21 training viewOl| Al B 7}+E| 7| I 2 O]l overfitting
Vox-Fusion [45] SSIMT 0.80 068 0.75 0.80 086 088 079 0.80 085 O| Al T
LPIPS | 024 030 027 023 024 0.8 024 021 020 o|d 7ts

PSNR 1 24.42 22.12 22.47 24,52 29.07 30.34 19.66 22.23 24.94

NICE-SLAM [53] SSIM+ 081 069 076 081 087 089 080 080 086 . o H LA
LPIPS | 023 033 027 021 023 018 024 021 020 [Ck2F A, novel view rendering B 7t ==

PSNR 1 35.17 32.40 34.08 35.50 38.26 39.16 33.99 33.48 33.49
Point-SLAM [30] SSIM 1 098 097 098 098 098 099 096 096 0.98
LPIPS | 012 011 012 011 010 012 016 0.13 014

PSNR 1 34.11 32.86 33.89 35.25 38.26 39.17 31.97 29.70 31.81
SplaTAM S5IM 1 097 098 097 098 098 098 097 095 095
LPIPS | 010 0.07 0.10 0.08 0.09 0.09 0.10 0.12 0.15

|

SH
)

-Novel & Train View Rendering on ScanNet++

_ . Novel View Training View
Methods Metrics Avg, 51 52 Ave, 51 s2
PSNR [dB] 1 1191 12,10 11.73 1446 1462 1430
. . SSIM + 028 031 026 038 035 041
Point-SLAM [30] LPIPS | 068 062 074 065 068 062

Depth L1 [em] | X X X X X X

PSNR [dB]1T 2441 2399 2484 2798 27.82 28.14
SSIM 1 088 088 087 094 094 094
LPIPS | 024 021 026 012 012 013

Depth L1 [cm] | 2,07 191 223 128 093 1.64

R A | &l;_.n_ VDS
S
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SplaTAM

* Result & Discussion

- Qualitative result

-PS(Point-SLAM)2| B2 GT depth& O|-E 5t rendering

-GT depthS 0| 23132 01IE g?oh_ TrackingAH M| S 2 Tf

SH0], Novel view Rendering 4! I

Ours PS [30]

GT

Novel View

R AW THEE D

SOGANG UNIVERSITY

Methods Avg, 51 52

Point-SLAM [30] 3438 296.7 390.8
ORB-SLAM3 [3] 1582 1568  159.7
SplaTAM 1.2 0.6 1.9

Train View



SplaTAM

e Result & Discussion
- (&= )Limitations & Future Work

~Motion blur, large depth noise, aggressive rotation0fl 2124t M& H3| =t
-A|ZtE nefot REES SOl sfE =X sh4 2tz 7| Cf
-Hie Se =0 At =Y
-Camera2| intrinsic &7 Zt1} dense depth 7t SLAM S2H2 2|8l 2 Q

- =7} Limitations
-Rendering £ =7t 2 Aoz AHMOLL Mo =Z el otEs £
-EF GS 7|2t SLAMI} H| w3l S BF JHELE 2 ds

R 447 U 8k
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Gaussian Splatting SLAM

 Introduction

- 3D Gaussian Splatting in Monocular SLAM
-3 fps2 AA[ZH =3
- 3D representation= 2|5l Gaussiantt= 0| &
:'= Accurate, efficient tracking, mapping, and high-quality rendering
~Q|& 70| M7} Q= ZL2 RGB-D SLAML 2 &% Ths
- 3D Gaussian Splatting $A| si| 2
- Structured from Motion=
s A ZH2HE AFESHE 3D =
-Explicit?} Gaussian2| E8 = &£ 0P04 7| otetA 4
-AH2 2N B8 M2 MAdUHAME sota §5 2

ﬂ B THSED VDS
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Gaussian Splatting SLAM

 Main Contribution

- Gaussian Splatting
-C(p) =X, i@ [125(1 - fi()
;- N7H 2| Gaussians= Blending St0 pixel color C &
v'SH(Spherical Harmonics) Ol RGB color 0| &
~p; = n(Tew * pw), Xp = JWEWwW'J"

:': 3D Gaussian N (uy, Y.w) in world coordinates
2D Gaussian N (u;, Y ;) in image plane

:'=q . projection operation, T-y, € SE(3) : camera pose of the viewpoint
- 2|9 3AZ E4l 3D Gaussians= 0|2 7Hs$t blending S22 =& 7Hs

~First-order gradient descent & Sli Gaussians2| optic & geometric params update

g AW THEE D §
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Gaussian Splatting SLAM

 Main Contribution

- Camera Pose Optimization
-For Accurate Tracking,

;- YHEN O 2 50 jterations gradient descent per frame 22
s ER

—

sr == 2= 2| view synthesis@t gradient computation

- Parameter calculated explicitly
;- Automatic differentiation2| =2 overheadS L|5}7| {I6H, 3DGSOf| A rasterization

CUDAE E3l| YA o2 T E m2t0|g 0|8 A At
;2 0| 2F S ALSHA camera Jacobians HA|H O 2 A At

_Owm _ O Dpuc  0¥; _ 0¥y 0] Opc , 0¥ oW
0T cw ouc DTcw’aTCW 0] Ouc OTcw oW OTcw ey s

;= Camera pose T,y = 0|22 [, chain rule
DI(T) o . Log(f(Exp(r) o T) o f(T))

Exponential Mapping  Logarithm Mapping
T+X X—+T

?

DT 70 T
0 —-W* 7 /
'DMC _ [I _”X] DW _ 0 _W;(l ‘ 7 .‘_,/( T (/
DTC‘W ] DTC‘W 0 W'),(Q Lie Group : Manifold \ . \ :
- .3

A B
6 SOGANG UNIVERSITY 19



Gaussian Splatting SLAM

« Main Contribution
- SLAM(Tracking)
- Tracking 2t Of| A 21Xl frame camera poseS optimize
o = G, Tew) 1|,
vI(G, Tew)= HEHEE O|O|X], [= &FEl o|0[X|
' Egeo = ||D(GrTCW) - D”
vDepth 2= 7152t B2 geometric residual = &

vGaussian initializeE |oll AFE2SHX| E S

_____________________________________________________________________________________________________________________________________

Tracking Keyframing Mapping

Input video N E E E | Window Optimisation
(RGB or RGB-D) %) yes . [ i B 4
e Co-visibility Check Genteeian k. 3
§ & ' Insertion & Prune | | ! 4

:
+ XisoBiso |1

, in E:;,w
Tf'“;k_scf‘;(,""y‘vksw
!
Keyframe Management
R AW THEED
SOGANGUNIVERSITY 20
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Gaussian Splatting SLAM Cameraray

« Main Contribution
- SLAM(Keyframing)

- Selection and Management

:: AXY frame i2 O| T keyframe j 42| 2HE =l GaussiansQ| e Hl 2= S350
7tAld Bt

s+ 7FA14 0| threshold O] 2t 2 EO{ X| AL}, translationO] €78 27| O] &Y AL
keyframe2L 2 S
- Gaussian Covisibility
= 3D GaussianO| camera 2/ X| 2 £ E sorting &| 7| =0 visibility Tt
;O A B2 22 H rasterization=2 =& & [, o(opacity)at©| 0.5 O] EHI
- Gasussian Insertion and Pruning

s+ B E keyframeOf| CHoll M 22 GaussianO| &MY E[0 M2 0| HHZ ZLASE D
Hl—'?'—*fo* PSP

= Monocular & 20| M Gaussian2| M 22 @ X|= £d=rgr A 0| X| Bt multi-view
consistency S &l x| & 2}

Tondha VDS
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Gaussian Splatting SLAM

« Main Contribution
- Mapping
- Isotropic regularization
Eiso = Zicylls; = §; - 1llx
vScaling paramters EF 2| 41% 0 meanztt2| XtO| £ penalizing
vrads g, A0 WHE artifact A

. k
5T min ZREW Epho + 7\isoEiso
TX ,ESE(3),G keW

vDepth 2+=0| 7t5%t E2 E ., F7t

Top : Rendering close to training view
Bottom : Rendering far from training view

R BTN VDS
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Gaussian Splatting SLAM

» Experimental Setup

- Datasets
-TUM RGB-D dataset, Replica dataset(Synthetic)
;- Replical| 4 challenging®t purely rotational camera motions &= &t
vRGB-D evaluation <=2
: TUM RGB-D 2| &% RGB, RGB-D evaluation =2
—Self-captured real-world sequences by Intel Realsense d455
- Metrics
-RMSE of Absolute Trajectory Error(ATE)
-PSNR, SSIM, LPIPS
;= O 5t frame OfC} T2t

R AW THEE D
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Gaussian Splatting SLAM

* Results
- Tracking

~Monocular & 0| A, depth predictor or tracking modules< deep prior §10| =2 d& =0l
7|20 SLAM HAE 2 BT EN g5 JHHe A HO| HotUS =l 7ts

Loop- Method ri) rl r2 ol ol 02 o3 od Avg,
I t Method fri/desk fr2/xyz fr3/offi A
TP closure ¢ sk Treye ToTliee Ave IMAP [35] 312 254 231 169 103 399 405 193 258
DSO [5] 24 1.10 950 110 NICE-SLAM 097 131 107 088 100 106 1.10 113 107
o DROID-VO [38] 5.20 10.7 730 173 Vox-Fusion [45] 137 470 147 848 2.04 258 111 294 3.09
'_i who DepthCov-VO [4] 5.60 1.20 68.8 252 ESLAM [9] 071 070 052 057 055 058 072 063 0.63
g Ours 378 4.60 350 3.96 Point-SLAM [29] 0.61 041 037 038 048 054 069 072 053
= » SRODSLAM oS 180 o5 YT Ours 0.44 % 031 044 052 0.33 0.17 225 058
ORB-SLAM2[21] 190 0.60 240 160 Qurs (sp) 033 022 029 036 0.19 025 012 081 032
V]C“E“:: lii]mm 422 z"g i:‘; :32 Camera tracking result on Replica for RGB-D
I A= A 4. .1 . . h - E O EOI - -
DI-Fusion (8] 440 200 sg0 407 (sp)= single process Ef MethodOt & ¥ iteration
wio Vox-Fusion [45] 352 1.49 26.01 10.34 Input Method frl/desk fr2/xyz fr3/office Avg.
[a] ESLAM [9] 2.47 1.11 242 2.00 = wio E,., 4.16 1.66 573 4.83
g Co-SLAM [41] 240 1.70 2.40 217 FE wio kf selection 13.2 4.36 8.65 8.73
= Poini-SLAM [29]  4.34 131 348 3.04 - Ours 3.78 4.60 350 3.9
Ours 1.50 1.44 1.49 147 =] Wio Egeo 239 0.62 4.98 2.66
BAD-SLAM [31] 1.70 110 1.70 1.50 % wio kf selection 1.64 1.49 2.60 1.90
wl Kintinous [42] 370 290 300 320 * Ours 150 1A 10 147
ORB-SLAM2 [21 1.60 0.40 .00 1.00 .
20 Ablation Study on TUM RGB-D
Camera tracking result on TUM for monocular and RGB-D isotropic regularization, geometric residual, keyframe selection

SOGANG UNIVERSITY 24 LaB
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Gaussian Splatting SLAM

» Results

- Novel view rendering
~E} HFAIH O} =B HY 2 FPSE rendering 7tS
- Real-time map interaction 7ts Point-SLAM Ours GT
_NeRF 7|t Point-SLAM I} H| I3} ' ‘
fine detail captureOf] ™ & 7+

;22 A1t o[o|X|

Method PSNR[db]] SSIM{ LPIPS] Rendering FPS
NICE-SLAM[48] 24.42 0.809 0.233 0.54
Vox-Fusion[45] 24.41 0.801 0.236 2.17
Point-SLAM [29] 3517 0975 0.124 133
ours 38.94 0968  0.070 769

Average rendering performance on Replica(RGB-D) Figure 4. Rendering examples on Replica. Point-SLAM struggle

with rendering fine details due to the stochastic ray sampling.

N B THSED I VDS \
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GaUSSian Splatting SLAM Camera Layout Ours w/ depth  Ours w/o depth

* Results s e
- Convergence basin analysis Iy
- Camera Localization 5= H7} \LP SDF
= Co-SLAM(Hash Grid SDF) ey
- iIMAP(MLP SDF) LT o
vCo-SLAM A0 A loss =7} e
Method seql seq2 seq3 Avg.
Neural SDF (Hash Grid) ~ 0.130.15 0.16 0.14 Train views : = 2t} Target view : E}EHH Test views : & F7._F H
Neural SDF (MLF) 040038 022033 train 2F 0.5m @<, 0.2m ~ 1.2m Y < Localization test =2l
Ours w/o depth 0.82 091 0.5 079 BLRG o '
Ours w/ depth 083 1.0 065 082

- A1t S| A
- Hash Grid SDF & MLP SDF(Depth O| 8)E L} O £2 =8 58 =42l 7l
= Hashing 5! positional encodingO| signal conflict 7t =X|

= Anisotropic Gaussian< smooth gradient &

ﬂ 447 TSk | VDS \
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Gaussian Splatting SLAM

 Conclusion
- 3D GaussiansE SLAM B BIH O 2 Aot & A
- Volume rendering= &5l CHSH object materialsE live SLAMO]| A] X &4
- Monocular2t RGB-D casesOi| A{ state-of-the-art &

 Future research

-

- Large-scale scenes= ¢/t Loop closure2t2| &2
o
=

=
=Sl S| E &L= HFEH
%OH%!—lOFE OI-I:I

- Surface normald} &2 geometry = Gaussian

R B THSED VDS
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