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Research on the application of NeRF based on dense point
clouds in visual SLAM mapping tasks
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(1. Faculty of Mechanical and Electrical Engineering, Kunming University of Science and Technology, Kunming 650500, China;
2. Key Laboratory of Advanced Equipment Intelligent Manufacturing Technology of Yunnan Province, Kunming 650500, China)

Abstract : Traditional SLAM technologies based on explicit scene representations, such as point clouds, have matured in accuracy and
robustness but fall short in capturing the texture and semantic information of the map. To address this limitation, this paper introduces
neural radiance fields (NeRF) with differentiable rendering capabilities into the traditional visual SLAM system, proposing a novel visual
SLAM method: DRM-SLAM ( dense radiance mapper-SLAM ). This method uses ORB-SLAM3 for camera pose estimation and combines
the RGB and depth information of keyframes to generate dense point clouds. By utilizing a dynamic voxel grid, the method samples
within the grid according to the three-dimensional geometric information provided by the point cloud data, thereby reducing the frequency
of NeRF calling the multilayer perceptron ( MLP). Additionally, the method incorporates multi-resolution hash coding and the CUDA
framework’s NeRF implementation, significantly accelerating NeRF training speed. Tests on the TUM, WHU-RSVI, Replica, and STAR
datasets demonstrate that DRM-SLAM effectively uses dense point clouds and NeRF volume rendering technology to fill gaps in point
clouds, maintaining the pose estimation accuracy of traditional SLAM methods while enhancing texture and material continuity in the
map. The DRM-SLAM algorithm achieves a frame rate of 22. 3 on the Replica dataset, which is significantly higher than NICE-SLAM,
iMap, and Co SLAM algorithms, showcasing its high real-time performance. Ablation experiments in the same scenario show that NeRF

rendering based on dense point clouds increases the frame rate threefold compared to traditional NeRF methods, further proving that
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dense point clouds can accelerate NeRF convergence and demonstrating the effectiveness of DRM-SLAM in map reconstruction.

Keywords : mobile robots; DRM-SLAM ; visual SLAM; dense point cloud; neural radiance fields
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Table 1 Comparison of absolute trajectory error
F5 TS5 51 4 Bk LT3 1R 2% (ape) DRM-SLAM ORB-SLAM3 iMap NICE-SLAM Co-SLAM
Max ape 1.647 2 1.8329 4.765 6 4.3979 3.9379
1 tum_frl_desk Mean ape 0.443 5 0.472 3 3.7175 3.069 1 1.740 0
Rmse 0.5123 0.706 1 3.641 1 2.259 8 3.1913
Max ape 0.714 7 0.488 6 4.120 6 2.754 5 1.973 1
2 tum_fr2_xyz Mean ape 0.383 2 0.283 2 2.997 6 2.9155 1.3920
Rmse 0.2210 0.254 7 3.609 6 2.459 6 1.3332
Max ape 1.219 4 0.932 6 3.786 1 3.401 7 2.9522
3 tum_fr3_office Mean ape 0.645 4 0.470 1 3.067 9 2.100 5 2.668 7
Rmse 0.5250 0.323 8 3.6793 2.607 5 1.987 5
Max ape 1.1829 1.159 8 4.568 0 3.268 6 2.256 6
4 tum_fr2_slam3 Mean ape 0.638 1 0.433 4 3.286 1 3.2403 1.595 4
Rmse 0.4753 0.503 4 3.500 3 3.267 2 2.2511
Max ape 0.3254 0.294 9 3.297 4 2.878 7 2.633 4
5 tum_frl_xyz Mean ape 0.2815 0.180 7 2.7512 2.7552 1.569 2
Rmse 0.005 6 0.022 5 3.498 5 2.480 7 1.3323
Max ape 5.454 4 5.4779 9.546 1 8.680 5 8.748 0
6 WHU _rsvi_tl_fast Mean ape 2.6154 2.294 8 5.765 1 4.105 6 4.9259
Rmse 2.743 6 2.7535 5.4517 4.407 6 5.049 9
Max ape 6. 688 6 6.762 9 9.126 7 9.244 1 8.459 6
7 WHU _rsvi_t2 Mean ape 2.808 1 2.8293 6.329 5 5.676 1 4.447 6
Rmse 3.274 4 3.390 0 6.430 2 4.801 7 4.799 5

% 2 7 STAR #1 TUM #i#E_E HomiE
Table 2 FPS on STAR and TUM datasets

(i-s™")
AT 51 DRM-SLAM Co-SLAM NICE iMap
SLAM
STAR_Handheld_normal 18.9 9.6 0.56  0.048
STAR_Wheeld_normal 19.5 10. 4 0.69  0.033
frl_desk 19.2 11.3 0.044  0.065
fr2_xyz 22.1 12.8 0.071  0.038
fr3_office3 18.8 9.1 0.056  0.048
*3 HEZK
Table 3 Ablation study
b Instant-ngp DRM-SLAM
BEUE ARSI T I 1]/ ms 25. 4 18.2
FPS 12.4 19.8

PEATASCIT R ) NeRF 1 32 J5 15 2 A9 =2 pOAS 1], A

& 8 AT AR S Y, A LU AR %5 55 =, NeRF JE 4% A 1l
B EA S % 2 SO MM B gOR | Jf Hig i K
JERIE FE S = i 25 R A 5, BB AE B ] TR S i
SO BV T WRE 55, 300 T sh ik &5 B PRt R B 0T
L, b A 2 A S A I = A R (A PR A
P (O =R ] Accuracy Pl Completion wl wk N T PE AL
NeRF BRI &E . 5 E (Accuracy ) FTm ¥ T A4~ 18 e
P R P S HILE - 4R A — 5 IR (B PN 0 LS, IR LD
B4R R R i, SEREJE ( Completeness ) S 46 ¥ 1
B A AR I = G SR BB N SR 3T T % Y ok
MR R 2T LIVC I B I B B o e 8 i h T
TUM ,WHU-RSVI Fil STAR 3 44 42 {41 & RGB FIIE
JEE B LA Bk 07 1 L S 330 | VA i x4 55 1 = 4k
58, B DL BAE AR T IPAG 7 2 Al AR B2 R
BEHTERIE it R E & E, Replica IS IRAE T
G se W LS8 = 4IRS EIE | T LAASSCR ] Replica 8048 52
VAL Mo E A i, T4 DRM-SLAM i FH EL A V% 13
FEIIRERYARML R AR 1Y RGB IR AT I I B2 IR AR A i
A, R TG AT TR T
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(b) Methodology of this paper

KIS 78 TUM Hifii 4 L i 2 1 S205 AN SO ot B A AR

Fig. 8 Hole filling and texture material reconstruction effects
on the TUM dataset
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(b) Co-SLAMEL
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AR AN X FL & 10 R FEIEAE 38 o2 3
S SRR ORI, WHIEAHE AT LA i DRM-SLAM fig
B JE T WA ) SO A I (Anvb & P R DL &
AR ) F A L iMap Al NICE-SLAM ELA 5 75 i Al
SUEEAUEAR, AFJEAH HF H T8 o 2 R A ik i
Co-SLAM B9 A SCT H S AEAE TS I 22 00 s T
FEIIA TR A9 DRM-SLAM & 3k HAG — 2 i d2 KRS i
FSERERE H7E 2 B ORI A R R i, ST — ARk
Ut , AN REXT I AT M REFE bRt BE T A 2, PR ZE AR AT
AN SN VBT LA S A T D sk ) 9 o BT
BE1,

R T AT PEAG AR SCHRE HE Y DRM-SLAM 557 78 1 4
KERE A R SCHE 3 A SRR AR S A L R B
PEFET Replica #4E 41y 4 N HAMREH N =, 1
office_2 , office_3 ,room_0 LA & room_1 , /M IRIE, £
X 4637 5 0 i Ff DRM-SLAM 5 iMap , NICE-SLAM . Co-
SLAM %245 £ 19 SLAM 59k 0EA 7 7 XF Heilli, 4552
AE LR 4 Nt A rERE IR 25 R E R 4
g, K 4 45515 H DRM-SLAM 7E Replica 5 4
ERMER (FPS) A 22. 3,1 (HIE KT NICE-SLAM [iMap .
Co-SLAM Fa. | 35 2 W T $1 3430k S iz v T A B3 1%
FHEL T HAD D R T B & s, M ERCER -

(c) NICE-SLAML
(c) NICE-SLAM algoithm

(d) iMap3L ¥k
(d) iMap algoithm

K9 7 Replica ZUHR4E office3 J7 71 I Y 8 EIZUR

Fig. 9 The mapping effect on the office 3 sequence of the Replica datasets
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(b) Co-SLAM algoithm
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(d) NICE-SLAMZ #:
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Fig. 10 Comparison of mapping details
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F ,DRM-SLAM 7£ 5 £ R B At v 3 % Lk (I T H
B EVR A K 5275 Co-SLAM , (H W F 7E5UH % %A
K, XK 7E DRM-SLAM A A A 4 5 HEL A 6
PR S B TR AT SR BT UL, T Co-SLAM H T il = ¢ 4 o
I4) i 35 R % 61 5 R3PS IR AE 2 048 S5tk AT U,
R RHGIN T RAE RS I UNTE £2_desk AT 51 rf
A 2 965 WK%, DRM-SLAM {2 {di F H th 4 256 4
HEMTHETT AR T Co-SLAM 23 fd | 593 MiiE4T R AR,
T ol A SR A SR S A LG A AR S R S AR AN B LT
T 55 B T 2 o o, X X TR B AL AT Y SLAM Bk
PEIFA T HL,

%K 4 7t Replica ##E% L 4 # SLAM E X RXFEL 5547
Table 4 Comparative analysis of four SLAM algorithms
on the Replica dataset

GRS ARG /em HHSEE /em FPS/(Mi-s™")
DRM-SLAM 2.45 2.74 22.3
NICE-SLAM 2.85 3.00 1.1

Map 4.43 5.56 1.5

Co-SLAM 2.10 2.08 15.2

DRM-SLAM {19 % & it & 4H Eb iMap #i1 NICE-SLAM %4
A BERTE UEB T AR SCHE 1 ) DRM-SLAM 5% H
FREE R AT, 254 3. 3 AL ZEAG A BE I i 45 SR
3.4 55 A g R 0k 2% SR mT LAAS H AR SR H B9 DRM-
SLAM J5 et 5 flt s R B0 — 4 A 5% 1A, o ol
ik S Li1B S ubiia D7 S s ] S B R = S
BURARTIE T, A SR A DRM-SLAM &3k H 45 T g Y
SRR A 7 2 A RS BE . P DRM-SLAM 2 56T
B 5 W P 2 S S o PR B, T B B ik o S
Ik AT A AN T T 0 T 2R, PR AR SCRT 4R R i L
A& BRI AT SORMAEL,

3.6 EZRIMEHRLINIK

RS R B T AR SCRT AR SRVA AE A TR AR B
PEBE , HoAE 5 {5 AN I J T A EL T AL G20 SLAM Bk 7E
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T B UEAR SC T 4R A A LS b i i R ROR
DRM-SLAM R4 &S] 7K 7 B4 6 E, ff
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H RGB EIM&FII ROS 3K 2l F2 7 A= il iy A H 1L 2% B A
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AT, HE RO E 11 Fs, R E Al Hlgs A RE
R 7 4 B 2 P S B b PR A 2 IE T BT R A
AR,

(b) FESEHH R
(b) Mapping results

(@) SR
(a) Real scene
B B s i g ERCR

Fig. 11 Mapping results in real scenarios
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