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Deep-learning-enhanced visual SLAM with
neural implicit scene representation

ZHANG Hanxiao, XING Xianglei
(College of Intelligent Science and Engineering, Harbin Engineering University, Harbin 150001, China)

Abstract: In recent years, neural radiation fields have demonstrated strong capability in high-fidelity three-dimensional
scene reconstruction. However, visual simultaneous localization and mapping(SLAM) systems that employ neural radi-
ance fields still face challenges in localization accuracy and the flexibility of explicit scene representation. To address
these limitations, this work proposes a visual SLAM system that integrates deep-learning-based pose estimation with
neural implicit scene representation. Through dense bundle adjustment layers and efficient global optimization mechan-
isms, the camera pose and depth are iteratively optimized at the pixel level, and a globally consistent implicit reconstruc-
tion surface is incrementally updated based on neural radiation fields, enabling the system to reconstruct high-fidelity
scenes while achieving accurate localization. Furthermore, a language query mechanism was introduced to enhance the
system’s interactive capability. Extensive experiments were conducted on the EuRoC and Replica datasets, and the res-
ults were compared with those of three benchmark methods under different input conditions. The results showed that the
proposed system outperformed existing methods in terms of tracking robustness and reconstruction accuracy, providing
a reference for subsequent visual SLAM methods based on neural radiation fields.

Keywords: neural radiation field; visual SLAM; loop detection; pose estimation; deep learning; 3D reconstruction; se-

mantic embedding; trajectory prediction
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Fig.2 Pose estimation and optimization module

25 SCR FH LW (V, 8) 3 3R it 22 ] i 4
M Z, WA A Y — 45301 G, ) € 8378 RHR T A0
LZ A EEMY o 188K B Z A, A
FH R 5 R0 B A A (5 ot P b g A i x
PLRY s =G, IR AL IR R AL b, #4345
SR R, HAR A A

pi; =TL(G; o IT'(p;,d)),G;; = G, o G

o p e ROV I R L 19 1% % A6 47 d, 0 PR
25 B TR BEAG T, T O 1H 5 AR AR 2R e S 3] ]
AR R ALY, T R 1L [ A8 e, G ol A
QLA Z 8] 9 5L 2 A8 e, py; o (o A A 3 1) 3 26
IR E K B P B4R 3R p W B R T A A &
T3 B YR I AR B o

M AR BLIE Bl 518 6 A AR py; - p;, IF
HRAE piy N 4 AE SRR AE [P R R LA AE , H 7
FRFAEAE O 2 AT S e e i g A o LRy
EFEBE T p, A5 L8 AU A 15 5, 0 2% g

i ¢ > X6 S0 AR AL 1 A DX 3, O T R AE D0 42
HET AR FEAE B, G 0R 4% S . TR
fIE A0 3 o A v, 1 S 0 G I RE AR A AR A 43 1
I A R ST B ROk, AR
TG B (gated recurrent unit, GRU) H, GRU i
I WA A0S Y A R 2 R WS A BRI Y B ECHR 2
RO, JEHE XN py AT AE TE, A2 S S P A
KBS BEAL T w,; € RV B IE 5% 22 i 5
r; € RV R 5, R 5% 22 i 5 % g AH I, 15
FMEIE S IR T A pyy = ry+ Py o
B Al 5 00 AR PR A& 1E J5 /9 XT 0
p; VB AR AL E w,;, 18 32 ] A 2 B AR o 2 1)
( dense bundle adjustment, DBA) &L FH AL ZE 2
G € SE(3) Fl S B ot 11 10 YR B d € R™Y . A S X
57 25 BT I A 2K pREICH
L=y ’

(i,))e&

2
i

p;j —Dij

et S = diagwy, || || 0T AL E w5

ZETHEAT AL 5 (GRS

B4, BT AR AL S 25 TR 1) [) AL 4% Ak Ay it
e AL e/ N e [, /MBS R R R,
P E B A A TS5 AR F50I 1) %) 37
AHVEEL o A SCR R E8 S HA 19 7 e B 2k pR 5t
T E A AL 3, 87 FH v 07— i B i R A T SR i
2.3 [EIIRKG

T REAS S S A A (] BRI RN 4 SR AR
REIE, ASSCHEH T —Fa sy vt 55 5ng . ani&l 3 o,
HR A IR RRAE B B DG I ABE e v ) S e i 32 B 7
P, AT AR 2 H A0 A 1k ) 0 S WIS A (KF
DA R O St ) S A ot (5T (V, &), 3 HE I 3T 1Y Nigeu 1>
Jry 3 5% i it A Ny R LA VE HE, IR AE R AR
A, G e 8 S Bl it AT g s G B It 22 [E] ) ] 3
T 5E, TE Nigea 75 J5 355 S FHEMIURN BT A 1Y) N 5K D7 52 56
SHEMT 22 T8] N7 7NN Nigea X N B A0 M 18], 2
E 3(a) Frzm; 3 2K, 18 B i 2 6] 847 i 4%
VTR ARAT B 5 60, FF 3 U8 BT 4
KT 7o B30, DT AR AT H A e 00 5 (Y G St
XTs B, KO BT R 08 S B WO T h BE B
R [R] BRAGEI ) fi 3 IX 3, R T kR Ay, — HLTE
W E a1 EE B KF, o KF,, W)
1 Foe W BT A AT BB E B2 . RIE LIRS IR, F
Sy Tl SR o ] e R 4 2R A A i PR R B R AT
JF RN SR, I AR roo IV IAR AR . o T 4232
— A [l IR, [E] BA R A B i 2 A5 3 ) [l A
e, NI TR TN F e, T E R A
| —A~ [l 3h



° 123

=0

KF,

KF;

24 RiRRERLTRE

T 5 v BR AR ] B0 A 3 S T s S B
I A TR
¥ e B BA AL AE LB AT 0 — > Ll By £ 72
W, FRVF R G Ak 2 R R 0 W I R AT I E A
55 v %) iy 08 ] BRGNS B2 ARL, B Bl — SR Y
BRI, IF-4 A BA v A B A DG HE O D) K

T — ==

KF, KF_'/- 0 KF, KF_'/-
~ : .
N il
mstpr KEY
3 - -
TCO
KF]
: el
G N erw e BTt
(a) JRyTB AR ] OESNES N IIE]

B3 ERENERTE

Fig.3 Schematic diagram of loop detection module
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Table 1 ATE results of different models on EuRoC under binocular input m
Yt MHOI ~ MH02  MHO03  MH04 MHO05 VIOl V102 V201  Vv202 P
svore 0.040 0.070 0.270 0.170 0.120 0.040  0.040  0.050  0.090  0.099
ORB-SLAM2E" 0.035 0.018 0.028 0.119 0.060 0.035  0.020  0.037  0.035  0.043
ORB-SLAM32¥ 0.029 0.019 0.024 0.085 0.052 0.035  0.025  0.041 0.028  0.038
DROID-SLAM™ 0.015 0.013 0.035 0.048 0.040 0.037  0.011  0.018 0015  0.026
AR 0.012 0.012 0.019 0.043 0.040 0.034  0.010  0.016  0.009  0.022
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Table 2 ATE results of different models on Replica cm
LN 7k Room0 Rooml Room2  Officed  Officel  Office2  Office3  Officed T3
ORB-SLAM2%" 0.30 0.42 0.25 0.43 0.30 12.2 0.39 11.4 3.21
COLMAP® 0.62 23.7 0.39 0.33 0.24 0.79 0.14 1.73 3.49
HiH  DROID-SLAM!™ 0.58 0.58 0.38 1.06 0.40 0.70 0.53 1.33 0.70
NICER-SLAME! 1.36 1.60 1.14 2.12 3.23 2.12 1.42 2.01 1.88
AR 0.41 0.34 0.29 0.29 0.42 0.38 0.60 0.65 0.42
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RGB-D  Vox-Fusion®" 0.27 1.33 0.47 0.70 1.11 0.46 0.26 0.58 0.65
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Fig. 4 Visualization results of trajectory prediction
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Table 3 Quantitative reconstruction results of different models on Replica under monocular input

WREA izt Room0 Rooml Room2 Office0 Officel Office2 Office3 Officed 3

K /em 12.18 8.35 3.26 3.01 2.39 5.66 4.49 465 550

DROID-SLAM™ SEMLE /em 8.96 6.07  16.01 1619 1620  15.56 9.73 9.63 1229
FEMHE<Sem/% 6007 7620 6162 6419  60.63 5678 6195 6751  63.62

F I /em 3.87 2729 5.41 5.21 12.69 428 5.29 5.45 8.69

COL-MAP® SEIEE /em 478 2390 1742 1298 1235 496  16.17 441 1212
THE<S ecm/%  83.08  22.89 6447 7259  69.52 8112 6438 8292  67.62

HERE /em 2.53 3.93 3.40 5.49 3.45 4.02 3.34 3.03  3.65

NICER-SLAMP" 5ERUE /em 3.04 4.10 3.42 6.09 4.42 4.29 4.03 387 416
THHE<Sem/% 8875 7661 8610  65.19 7784 7451 82.01 8398 79.37

K% /em 4.40 4.13 3.67 2.83 3.12 481 438 370 3.88

AR SRR SEIEE /em 4.45 4.52 6.29 2.80 2.58 4.79 4.84 412 430
FEMFE<Sem/% 8023  82.80 8210  81.29 8276 7559 7588 8024  80.11
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Table 4 Quantitative reconstruction results of different models on Replica under RGB-D input

Tk Efeta Room0 Rooml Room2 Officed Officel Office2 Office3 Office4 T

K% /em 3.58 3.69 4.68 5.87 3.71 481 427 483 443

iMAP! SEMLE /em 5.06 487 5.51 6.11 5.26 5.65 5.45 6.59 5.56
FEMFE<Sem/% 8391 8345 7553 7771 719.64 7722 7734 77.63  79.05

K% /em 3.53 3.60 3.03 5.56 3.35 471 3.84 335 3.87

NICE-SLAM!™ 56U /em 3.40 3.62 327 4.55 4.03 3.94 3.99 4.15 3.87
THFE<S em/%  86.05  80.75 8723 7934 8213 8035  80.55  82.88 8241

K /em 3.73 2.53 3.09 2.19 1.97 3.94 4.09 3.34 3.11

AR SEME /em 4.01 2.32 7.20 2.30 2.38 3.95 4.59 4.02 3.85
FEMFE<Sem/%  81.12  94.05  82.60 9227  93.08  84.00 7855  83.79  86.18
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Fig. 5 Qualitative experimental results of different models on Replica under monocular input
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Fig. 6 Qualitative experimental results of different models on Replica under RGB-D input
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Fig. 7 Qualitative experimental results of different models on EuRoC under binocular input
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Fig. 8 Visualization experiment results of language queries on Replica
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