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SNGO-SLAM algorithm for complex indoor environments
based on 3D Gaussian splatting
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Abstract: In recent years, the application of 3D Gaussian splatting technology in simultaneous localization and mapping
systems has made it possible to perform high-quality image rendering using explicit 3D Gaussian models, significantly
improving the fidelity of environmental reconstruction. However, the existing methods based on 3DGS have problems
such as limited tracking accuracy and lack of global consistency in the 3D reconstruction of complex indoor
environments. For this purpose, this paper proposes a dense SLAM algorithm based on 3D Gaussian splatting—
SNGO-SLAM. This algorithm combines the advantages of both frame-to-model and frame-to-frame tracking methods.,
and uses surface normal perception to obtain richer geometric information, significantly improving the tracking
accuracy. To address the tracking error that occurs over time, the algorithm introduces a loop closure process and
optimizes the 3D Gaussian point representation problem, further enhancing the tracking accuracy. In addition, this
algorithm also introduces a dual Gaussian pruning strategy, optimizing memory usage and ensuring precise camera
tracking. Experiments on the Replica, ScanNet and TUM RGBD datasets show that while maintaining high rendering
quality, the absolute root mean square error of the trajectory of this algorithm on the Replica dataset reaches 0. 27 cm.
Compared with NICE SLAM, Vox-Fusion, Gaussian SLAM and SplaTAM, the tracking accuracy has increased by
74.53%, 91.26%, 12.90% and 28. 95% respectively, providing new ideas for SLAM technology.
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BN 0.6, TEFTA B SE bR T M BB B B M R
50 000, Ji £ 5 i i 3% AR Bz B 100, 78 F Hb &
My i B d e BB 0.5 m BERE BIME 0., EEH
50°, FEF LR OL Ak A, e PR 450 2 pR B A AN ER AL WA, T A

PIHEE R 1, A, BB R 0.05, W &5 5 & 85t bR UE <., .
Ty Fl Ty AR R 0.005.,0. 4 1 36, 7EFF B 46 I 5], 54
FEH A B TR E 5 o BEE R 50%.
2.2 ERERHEEIEM

AR SCHE 3 AN 6] (1 B8 45 1 VEAS T AR WL BR B A B
F 1 JBR T TE Replica 345 5 L A AHAL BRERRE BE, 45 R %
W AR SO IR TE 8 Ao I R B A F HoAth 22 8 SLAM
Fik, H A TF 3 F NeRF B GO-SLAM Al 6] # 3 F
3DGS ) Gaussian-SLAM, #i #f 3K 43 9 #& & T 22% M
12%. 2 M 3 JEBART 1 H I =5 4E%E ScanNet Fl
TUM-RGBD FBPFAGEE R, RN A LB EMR T REBE
W SLAM J7 k. K48 A SCH Y IR R M AR (K T GO-
SLAM B8 BB HMLA /DT 3D =Wk 5 7 i 5 i 4 W
TR AR ER 220, TR A A T RS B R b TR o
05 W AR M T GO-SLAM 53k, L1 IR B 1% 22 0k />
T 88. 7% F1ABURE T 63.6% (£ 4), FEMME & HLs
XL (B 3) AR SCA AR JLAT 40 | 2 1 400 3 O 2 R 58
BRI B B AR R R TE R A E N I B R Y
D7 5 e B R ) R N A

% 1 Replica #1154 F# ATE RMSE & R

Table 1 The ATE RMSE results on the Replica dataset cm
DikiS room0 rooml room?2 office0 officel office2 office3 office4 S
NICE-SLAM-" 0.97 1.31 1. 07 0. 88 1. 00 1. 06 1. 10 1.13 1. 06
GO-SLAMPY 0. 34 0.29 0.29 0. 32 0. 30 0. 39 0. 39 0. 46 0.35
Vox-Fusion™ 1.37 4. 70 1.47 8.48 2. 04 2.58 .11 2. 94 3.09
Gaussian-SLAM"" 0.29 0. 29 0. 22 0.37 0.23 0.41 0. 30 0.35 0.31
SplaTAM™ 0.31 0. 40 0.29 0. 47 0.27 0.29 0. 32 0.72 0. 38
MonoGS™” 0.33 0.22 0.29 0. 36 0.19 0.25 0.12 0.81 0. 32
A 0.28 0.24 0.19 0.31 0.17 0.43 0. 20 0. 32 0. 27
% 2 ScanNet #{#E% L # ATE RMSE & R
Table 2 The ATE RMSE results on the ScanNet dataset cm
ik Scene0000 Scene0059 Scene0106 Scene0169 Scene0181 Scene0207 14
NICE-SLAM™ 12.0 14.0 7.9 10.9 13.4 6.2 10.7
GO-SLAMP" 5.4 7.5 7.0 7.7 6.8 6.9 6.8
Vox-Fusion™ 16. 6 24. 2 8.4 27.3 23.3 9.4 18.2
Gaussian-SLAM"" 21.2 12. 8 13.5 16.3 21.0 14.3 16.5
SplaTAM™* 12.8 10.1 17.7 12.1 11.1 7.5 11. 9
MonoGS™” 9.8 32.1 8.9 10.7 21.8 7.9 15.2
AL 8.4 9.6 9.8 12. 6 10. 7 8.3 9.9

2.3 EERETME

Replica 095 45 /2 ME — 48 {3t /57 A% F2 b 1T 20 52 R A% 19 24
FREESE R EE R S & IR SLAM J5 45 19 A%
FA A, % 4 JB/R TTE Replica 5035 4 b 0 8 6 5 4 %F
P25 3, W AR SCR e WA B i 7 A R B T A &

M SLAM Jr#k., SHERE 2 A% 3 M A L AR SO
B L1 REEIR 2200 B> T 22 %0/ 26 % . F1 405043 5l #2 7t
T 1%H 3.8%.,

kB LU RN R R W 25 5 B 3 R L T AR S
%, 5T NeRF B GO-SLAM L)} 3T 3DGS 9 Gaussian-
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Table 3 The ATE RMSE results on the TUM-RGBD dataset

SLAM 7£ ScanNet $UHE 5 ) scene0059 Fl scene0169 5,
LI Replica PG E ) room1 50 i i W& B AR, &

cm A 2384 S SR TR € A% i Ak, BT R B
ik fr1/desk fr2/xyz fr3/office 13 B Jo e RN 3 SE AR 5 T 2 43 W SR A 2k 2R ik [ 2 A AR e
NICE-SLAM! 4.26 6.19 3. 87 4. 77 Yo, LG LRI AR G 4075 .
GO-SLAM™ L50  0.60  L30  1.13 25 R F W] R SO AE A J S M IR R T4 1
VoxFusion® 352 149 26,01 10-30 g 554 4 I 44 4 9L U4 G 00 2 FTRE
Gaussian-SLAM"™ 2.73 1. 39 5.31 3.14 e . ek A5 1 b 5L g
R I rh AR SR A T R T S B AR SR K R B
SplaTAM™* 3.35 1.24 5.16 7. 14 s s .
.- 5 16 L1 3 5 10 Hofth SLAM Jy 8 5 0 3 M (0 LA 405, i — 2B 56 5E T HoAe
JUAn] 5 43 B 5 T AR H
F 4 ReplicaiEELEERETLE
Table 4 Comparison of reconstruction quality on the Replica dataset
Pk 5 hn room0 rooml room2 office0 officel office2 office3 officed FY
] Depth L1/em ¥y 1.81 1. 44 2.04 1. 39 1.76 8.33 4.99 2.01  2.97
NICE-SLAM'
F1/% 4 45.0 44. 8 43.6 50.0 51.9 39.2 39.9 36.5  43.9
) Depth L1/em ¥ 4.56 1.97 3.43 2.47 3.03 10. 3 7.31 4.34  4.68
GO-SLAME
F1/% 4 17.3 33.4 24.0 43.0 31.8 21.8 17.3 22.0  26.3
_ Depth L1/ecm ¥ 1.09 1. 90 2.21 2.32 3. 40 1.19 2. 96 1.61  2.46
Vox-Fusion™
F1/% 4 69.9 34. 4 59. 7 16.5 40. 8 51.0 64. 6 50.7  52.2
Depth L1/em ¥ 0.61 0.25 0.54 0.50 0.52 0.98 1.63 0.42  0.68
Gaussian-SLAM™
F1/% 4 88.8 91. 4 90. 5 91.7 90. 1 87.3 84. 2 87.4  88.9
_ Depth L1/cm ¥ 0.43 0.38 0.54 0. 44 0. 66 1.05 1. 60 0.68  0.72
SplaTAM™
F1/% 4 89. 3 88. 2 88.0 91.7 90. 0 85. 1 77.1 80.1  86.1
Depth L1/em ¥y  0.41 0. 24 0.55 0.33 0.53 0. 64 1.13 0.44  0.53
EN'S
F1/% A 90. 3 91.6 90. 7 92. 4 90. 1 88.5 88.1 87.8  89.9
GO-SLAMP# Gaussian-SLAM!!7] Ground truth
[
g
2
@
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Fig. 3 Comparison of visualization results of mesh reconstruction on the ScanNet and Replica dataset

2.4 BEFRRETM

R T AR LU ER AR SO T b B G O D A R b
L, I Ak T A0 AR BIL S 2 0 4 s B AT A b L DL G
FHE LW/ A, £S5 RBATHES RIS
Replica b i97E Y Ji & X LG . 3% 6 A1 7 IR /R T 8 H 52 il A
BAE 4 ScanNet Fl TUM-RGBD I B3P 4l 45 5, 45 9 %
WY AR SCE LTS SLAM Bk B i g% 2. 5
Gaussian-SLAM # [t , A% 3C 5 2 B9 75 42 B i W%, 32 2R
EIAE T, 75 SCHE o FH A % P16 A A B 8 06 5 ), SR 4 i i
AT EE SR T 48 W Bk pR K O 2 LA vs /b v S b 1T Y R
NI R R B, BRI E Ak R A K IEE R EE
TR AT M B AL 3 s T Y Ay 22 . Rl BT
T H B A I kA SR b TR k05 2 2 T 2R AR, DA TR R
T A J b T T e B
2.5 RNEMEITEETMG

T8RN T A CEILAE BT HIE 5 WA 7 m i

X RO AE IR, Sae e W L A OBk T B T R 2 R0 1] A0 Ak Y
18] AN IS T Gaussian-SLAM 7k, X & B8 AR SCIR
TR VR A 8 T T R IR R 3 DA B T T TR A AR R o 1
W 22 Bl ol 3 O % BOORAFE kT — SLaE AT R L EARAR T
1R ) R RS P RD B R, A9 2R T O = S 1 B SR g
XoF - b P o 30 s B B A AR L L A S SR Y b T R N A
A& Gaussian-SLAM 3/ T 8. 2% . [RI A, 7 Ab B 2A A~
B ] LA 1Y) 3 s B AR SCEDR N GPU NAE I o b
HIHZ T . Vox-Fusion #l SplaTAM %5 J5 ¥ 1) GPU W 177
SRYJH T 15 GB., ¥ IR FE 5 0 .
2.6 HRESEEE

Sy 0 UE B9 WO 0 M AR SCHE AR B AE TR S 500
Il 25 35 B8 9 W1 8E T, ScanNet 4R & b By
Scene0059 s AT I AL 40 . 5% 5038 i i 25 4 B 30 ik
AR Gaussian-SLAM 8% o il 47 78 fih 52 56, DL Al
Hxt A ery s, B F . LW ETI AT BLAE
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Table 5 Comparison of rendering quality on the Replica dataset

Pk e room0 rooml room2 office0 officel office2 office3 officed  F1Yy
PSNR+*  22.12 22.47 24. 52 29. 07 30. 34 19. 66 22.23 24.94  24.42

NICE-SLAM-" SSIMA  0.689 0. 757 0. 814 0. 874 0. 886 0.797 0. 801 0.856  0.809
LPIPSy  0.330 0.271 0. 208 0. 229 0.181 0.235 0. 209 0.198  0.233

PSNR#A  22.39 22. 36 23.92 27.79 29. 83 20. 33 23. 47 25.21  24.41

Vox-Fusion™ SSIM A  0.683 0.751 0.798 0. 857 0. 876 0. 794 0. 803 0.847  0.801
LPIPSy  0.303 0. 269 0. 234 0.241 0. 184 0.243 0.213 0.199  0.236

PSNR+*  38.88 41. 80 42. 44 46. 40 45.29 40. 10 39.06 42.65  42.08
Gaussian-SLAM"  SSIM 4 0. 993 0. 996 0. 996 0. 998 0. 997 0. 997 0. 997 0.997  0.996
LPIPSy  0.017 0.018 0.019 0.015 0.016 0. 020 0. 020 0.020  0.018

PSNRA  32.86 33.89 35. 25 38. 26 39.17 31.97 29. 70 31.81  34.11

SplaTAM™" SSIM 4 0.987 0.976 0.983 0. 989 0.985 0.971 0.954 0.958 0.975
LPIPSy  0.073 0. 104 0. 082 0. 096 0. 095 0. 104 0.128 0.153  0.104

PSNR+*  25.25 27.39 28.09 30. 33 27. 04 27.99 29. 27 29.15  28.06

ESLAM™ SSIM A 0.874 0. 890 0.935 0.934 0. 910 0. 942 0.953 0.948  0.923
LPIPSy  0.315 0. 296 0. 245 0.213 0. 254 0.238 0. 186 0.210  0.245

PSNRA  34.84 37. 30 38. 48 43.92 42. 83 37. 44 36. 34 39.99  38.89

A3 SSIM4A  0.977 0. 981 0. 982 0. 987 0. 987 0. 986 0. 986 0.986  0.984
LPIPSy  0.068 0. 055 0. 064 0. 043 0. 056 0. 061 0. 062 0.059  0.058

Fz 6 ScanNet HiEE FEBELFEXTLE

Table 6 Comparison of rendering quality on the ScanNet dataset

DikiS FE bR Scene0000 Scene0059 Scene0106 Scene0169 Scene0181 Scene0207 S
PSNR 4 18.71 16. 55 17. 29 18.75 15. 56 18. 38 17.54

NICE-SLAM™ SSIM 4 0. 641 0. 605 0. 646 0. 629 0. 562 0. 646 0. 621
LPIPS v 0.561 0. 534 0.510 0. 534 0. 602 0. 552 0. 548

PSNR 4 19. 06 16. 38 18. 46 18. 69 16.75 19. 66 18.17

Vox-Fusion™ SSIM 4 0. 662 0.615 0.753 0. 650 0. 666 0. 696 0.673
LPIPS ¥ 0.515 0.528 0. 439 0.513 0.532 0. 500 0. 504

PSNR 4 28. 54 26. 21 26. 26 28. 60 27.79 28. 63 27.67
Gaussian-SLAM™" SSIM 4 0.926 0.934 0.926 0.917 0.922 0.914 0.923
LPIPS v 0.271 0.211 0.217 0.226 0.277 0. 288 0. 248

PSNR 4 19. 33 19. 27 17.73 21.97 16.76 19. 83 19. 14

SplaTAM™" SSIM 4 0. 660 0.792 0. 690 0.776 0. 683 0. 696 0.716
LPIPS ¥ 0.438 0. 289 0. 376 0. 281 0. 420 0. 341 0. 358

PSNR 4 15. 70 14. 48 15. 44 14. 56 14. 22 17. 32 15. 29

ESLAM™ SSIM 4 0. 687 0.632 0.628 0. 656 0. 696 0. 653 0. 658
LPIPS v 0.515 0.528 0. 439 0.513 0. 532 0. 500 0. 504

PSNR 4 26.17 25. 38 25.42 27. 74 26.18 27. 46 26. 39

A SSIM 4 0. 863 0. 852 0. 869 0. 884 0. 868 0. 874 0. 868
LPIPS ¥ 0. 339 0. 387 0. 368 0.312 0. 335 0. 327 0. 345

B R B OB S B 0 RS IR S AR R T RERERVIRTHECR . SEIRAR IR 9 PR,
5 TR0 U JL AT B LA o W s BT i i O WSS R KW, B AT B2 0 A S0k T i AR 4R T A LER
R AL BCHE A 7 0 o BE S 0 AT M R /s 5 U R OB ORI e S O 1A 2 R B W ACR . BMOR UL TE
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Table 7 Comparison of rendering quality on the TUM-RGBD dataset
DiRrS T8 fr1/desk {r2/xyz {r3/office ]
PSNR 4 13.83 17. 87 12. 890 14. 86
NICE-SLAM"" SSIM 4 0.569 0.718 0.554 0.614
LPIPS v 0. 482 0. 344 0.498 0. 441
PSNR 4 15. 79 16. 32 17. 27 16. 46
Vox-Fusion™ SSIM 4 0. 647 0.706 0. 677 0.677
LPIPS v 0.523 0. 433 0. 456 0.471
PSNR 4 24.01 25.02 26.13 25.05
Gaussian-SLAM™" SSIM 4 0.924 0.924 0. 939 0.929
LPIPS v 0.178 0.186 0.141 0.168
PSNR 4 22. 00 24. 50 21. 90 22. 80
SplaTAM™ SSIM 4 0. 857 0. 947 0. 876 0. 893
LPIPS v 0.232 0. 100 0. 202 0.178
PSNR 4 11.29 17. 46 17. 02 15. 26
ESLAM™ SSIM 4 0. 666 0. 310 0. 457 0.478
LPIPS v 0. 358 0. 698 0. 652 0. 569
PSNR 4 23.57 23. 96 24. 85 24.12
AL SSIM 4 0. 886 0. 892 0. 907 0. 895
LPIPS v 0.226 0. 207 0.193 0.209
% 8 Replica HIFE LIZTEEMAFEAL
Table 8 Comparison of running speed and memory usage on the Replica dataset
Sk PRI iy 2= AR AwEAEW EYHEE/  WERANA BE GPU
AR/ ms  BfTEtE /s EIRETE] /ms B AT E] /s fps e /MiB i H&/GiB
NICE-SLAM™ 27 1.06 89 1.15 2. 64 95.9 12.0
Vox-Fusion™ 64 1.92 98 1.47 1.63 0.15 17. 6
Point-SLAM™" 27 1.11 57 3.52 2. 96 27.2 7.7
SplaTAM™ 67 2.70 81 4.89 2175 404.5 18.5
Gaussian-SLAM™" 14 0.83 24 0.93 2175 54. 8 7.6
AR 3L 16 0.85 27 0. 96 2175 50. 3 7.4
K9 IHE Scene0059 LRSS ER
Table 9 The results of ablation study in Scene0(059
Bt BRE—-%  WEEE RAEZL W% A ATE RMSE/  PSNR/
JEES PEH K &5y PR TR L B I I 30 o cm ¥ dB 4
12. 84 26.21
v 12. 87 26. 66
V V 12.78 27. 31
Vv v Vv 12.32 27. 46
Vv Vv Vv Vv 11.45 27. 49
Vv Vv Vv Vv FPFH+ICP 14. 76 25. 22
Vv Vv Vv Vv W g 30 o5 2 T o 9.93 25. 34
v Vv v v W4 i 387 o 2 T 9.68 25. 38
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BT 5 AR AR 22080 T 3. 6%, GiE B T XUTE 0T 48 5 5 0k
AR A 7 ik B AL R

B I B M 5 T {135 i o ) A A R B O vk
e A SCHE M TR A T R IR R T IR S BRI 4 X L 3 8
FARREW AT 7.1%, BERE T RERGE, 05 KA
G Wy B, SR s 0 46 JU A B 2 Ll R AT I A U L 48 X
BB )RR 200 T 2. 5%, KU m TR 4R LA E S L
REME A A HeEBR A M s R M B, R TAE MR
Gaussian-SLAM 3% e ff B35 5 011 & . PGSR F O bE 4
181 A = IEERY FPFHA-ICP J7 B2 RS SC4R A W4 5 20
ST AT e s, SRR, B
FPFH+ICP N T 3D i i ol s 25 5 BOFR B 0 % 05 12
TR T R R BE % P O . TEF FPEH A+ ICP B4y
W 2 307 0 2 B o D R 4 o B3 B O AR AR 22 MUK 1
14.76 cm FEMEE 9. 68 cm, W/ T 34. 4%, X F W, R
1o 0T 1 2 T T T R AN B R T A A B D A e A
S ECAERT LAY ) B, TR T B RS B M BRI
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IO ERE T B 3D MR KRR, W E R E N R A3
P T B AR O
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S 45 BRI, SNGO-SLAM 1 Z 4N 8 4 i
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B B R I L S
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