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Abstract

To address the problem that the feature-point-based method in traditional monocular SLAM sys-
tems has insufficient accuracy in the local pose optimization stage due to over-reliance on the repro-
jection error constraint caused by insufficient effective feature points in weak texture scenes, this
study proposes a robust monocular SLAM system framework combined with a deep learning model.
In the preprocessing stage, a deep learning model is used to extract dense surface normal vectors
of input image frames, and a clustering algorithm is adopted to obtain representative directions
within the frames. Subsequently, two new geometric constraints are derived based on the matching
relationship between the representative directions of adjacent frames, and they are incorporated
into the subsequent local pose optimization process as additional graph optimization factors to
make up for the deficiency of only relying on the reprojection error constraint in local pose optimi-
zation. The test results on the TUM dataset and ICL NUIM dataset demonstrate that the proposed
system effectively enhances both the pose estimation accuracy and running robustness in weak tex-
ture scenes.

Keywords

Monocular SLAM, Weak Texture Scenes, Deep Learning, Surface Normal

Copyright © 2025 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0

1. 5l

PG [R5 52 A 5 s B ARAE L2 N B 32 SR S 0 S B A% O BRI RIS T B e
TEMZ SLAM [1]8 375, B AALR FURE (- ic B 0 20 AR B O = A ) AL A% . H Rl
FRMEEH SLAM R4 ZIEFRHE fUE M B EAE X KRB ZE . ORB-SLAM [2] RYIME R 532
AR, JEId S AL ORB ARAFFE U SUCECHL, &5 &2 T in S A [l AR, TESCE =& Mg soh T
SEIL AR B ) S B A . B SLAM [BI1E 5 — TR B2k, @i BRI F B R LS B
/MU R ZE IR e, 38R G T X RRAE B S DTS AR, A& T3 2 135t ARIEAE
MEGEHEARR, HEEEHE B0 IMEIEA]. ERSEBI MR EE6] =K. SR, N
FAAEMISS SR IX A, Wit . MO S, AU JENR TRk, X TARHERUEN S, A ERE R
ZELIR I RO BRI L M GG EUE XA URHE RV AN R, 23S BB =0 B S B
fETPASRE NS, b 9] R ERERNERS R ERERR I, MEP T RSN . HEENZ R T,
FE— SR, ARG RAZBAAAE SO 2R 1 1) 3 s T DLIRE S SRS . RIR R BR R RIAE 2k 3 53¢
TENEAR, 2FTH BT BRI

AR, TR IR [T R I RRAE 22 2] SHEELRE /1, NRBAEZR . H SLAM (3 AR
THERE. R HG R, RS IR AR =45 BB ERIG: B H R AL TR 8] i 2
SEBA SR BRI SR, 8y SLAM RS LAoNARRE LY TR ] A AR Y A i
S A% LT R, AL RE R B R B2 AL RS, Eal@d et AT HSEA R KRB IR
GEERER, B R A R E e 1 . DA R TV ) A TR Y [9] SR Bk RGB MG B ekt
BRFLIA R, UL R B E T .

il

/,—+

DOI: 10.12677/mo0s.2025.1410627 330 R T


https://doi.org/10.12677/mos.2025.1410627
http://creativecommons.org/licenses/by/4.0/

WK %

B g H SLAM HASAE VAR §9 80H7 3 T A AR E AN A2, S BUR BRAL AL BLA 3
B Z ML ) B, ARSCHR Y — Pl G PR P 2 ) R A [ AR B R . H SLAM R %8, Tl 51 NIRSE
S SRR BRI B R A 1) B LT L3R, AN TSR A S L R ARG 2, B AEIRTH RS
SISO R T AL TR ST E R

2. RGHER

AW B EME —ANEA T ISR EH SLAM R%. REGELEWIA 1 fin. A#F58LL ORB-
SLAM2 Sy, 51N T IR ST DSINE [10]H2 U A PG I A 3 2 T ) &, 3d o SRS VLS
S A BAT R EZ T, FRONER TR, (SRR L e RIE. REEmAInEE,
1 ORB-SLAM2 JA7 BRERZAE A AT AR L 2 A THEL, AR AR IR T 07 7 Z IR (VLRSS &R, k1 HfE
T AT L AR N R R T, BB S S R A AL E L R . A RIRAN TR AL AR
R TP AR BB IRZE LRI, RERTT T ARG EHEENRS L .

BRERARE

ok gL
IR W% b FRHBARLA 2k TR
—2 m | | Tme || w . ’

£ J5IBA

ey

RGBAHAL

HNEGWTF

DSINEZ ik
i et R TR Y
[N [EIEAN
B
1 B AR FRLEAT "
#

! Tk
—
]

Figure 1. System framework
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3.2. TUM RGB-D #ig& L6

Table 1. Translation root mean square error (RMSE) results of the monocular SLAM algorithm on the TUM RGB-D dataset
(unit: m)

1. B H SLAM BJL7 TUM RGB-D HiE& LRI TG IRIRE(RMSE)EER (8 1L: m)

HLH SLAM vk frl-desk frl-desk2 frl-xyz s-t-far s-t-near
LSD-SLAM 0.158 0.096 0.164 0.214
CNN-SLAM 0.056 0.058 0.062 0.037
GeoNet 0.048 0.068 0.068 0.024 0.107
Structure-SLAM - 0.124 - 0.026 0.015
ORB-SLAM?2 0.046 0.056 0.056 0.024 0.032
Ours 0.029 0.037 0.052 0.020 0.020

TUM RGB-D %454 /2 il [ 55 Je 2B Tl K= kAR KRB S, # Z H T SLAM BEfEA
F375t TSR SKE . fri-desk F1 fri-desk2 XA 74 E T F -+ SLAM 5%, LUIRA SRR 75
NEONIZOIINN %, TR AR S0 S5 FHEI . fri-xyz FE80E T 006 R A L md
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LSD-SLAM Z55F L B3k LS AR SCBRVE AR V28, 359 R AR AR He 1R 7532 [2], 5 s SR A1 iy i 24
R AT RS, 8 [E P S R R4 T8 e 5T R TR B, JHBR RBEANHA & PR R R R 2 .
ER TR, £ TUMRGB-D #3541 fri-desk. fri-desk2. fri-xyz. s-t-far & s-t-near F°41H, ASCHEEM:
RERE TN -FRTETATA UL ds . K R A48T, fri-desk J74 i ASCH
% RMSE #; LSD-SLAM [#{ik 81.6%. % ORB-SLAM2 [#ik 36.9%, [F25%7 51 fri-desk2 /541 1 H:
RMSE # LSD-SLAM [#{IX 61.5%. ORB-SLAM2 [#1IX 33.9%; fEE:Al A 20l 51 fri-xyz P50, A&
S RMSE # ORB-SLAM2 [ 7.1%, 1M /E 45 M SUEAFAE 22 R 3 5 T, s-t-far J7 51 Hr ARS8 RMSE
% ORB-SLAM?2 [£1k 16.7%, s-t-near /541 # H RMSE % ORB-SLAM2 [#({i 37.5%. R4 Structure-SLAM
fE s-t-near [741[) RMSE ML T A SCEE, AHAR SRR 4 E0 AT 41 oh 4 2 ORRRRG P2 (AR 1 5 0 B
P, AN RHEZY R TR RGNS &5,

3.3. ICL NUIM &L

ICL NUIM #dia )2 HI -0 SLAM SEAESN T JGIRARAL R 5 S8 22 53 1 5 B e 1k
SRR . Forb, kel Ir-kt2. Ir-kt3 =P8 A e 2 T3 S aAE, BT Az o X 5, 18 7 R
BEA SR, SRS AR 2 B RMsi ST ISR 5, DA Gk EARSEE B REAE
FUREIZ N 55, JERHTRAEREEARF R TS5 5% 0 T RO LA TH, 2 B SRR ER R 7D
of-ktl. of-kt2 WMoy = 5l SR, LARIRIP A B OIRT 5, TIPSR X
KERRIP A PRGN S ST RS . XL i S5 SO LR R BhAS TR R vt KA
[ U DU P S PRI HE T, O SLAM BLkd it 1 5 ik 5t . AT KO R A LR H SLAM R G H
£ ICL NUIM Hda &2 (IR 45 R an e 2 s :

Table 2. Translation root mean square error (RMSE) results of the monocular SLAM algorithm on the ICL NUIM dataset (unit:

m)

5% 2. BB SLAM &L ICL NUIM BUEE EMFEBIHFRIZRERMSE)ER(BAL: m)

#H SLAM %% Ir-ktl Ir-kt2 Ir-kt3 of-kt1 of-kt2
LSD-SLAM 0.059 0.323 - 0.157 0.213
CNN-SLAM 0.540 0.211 - 0.790 0.172

GeoNet 0.040 0.036 0.100 0.050 0.040

Structure-SLAM 0.026 0.045 0.035 0.045 0.030

ORB-SLAM2 0.024 0.061 0.046 0.569 0.031
Ours 0.019 0.032 0.033 0.128 0.026

%2 R T H SLAM BIELE ICL NUIM R EA T2 N - FRe s iR 22 . BARKRE, &K
SRS FEAE 2 B A LT Al B FE I-ktl A, H RMSE % Structure-SLAM [&1IK T
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26.9%, £ ORB-SLAM2 [#1IX 1 20.8%:; Ir-kt2 /741 T, £ Structure-SLAM F#{X T 28.9%, % ORB-SLAM2
FEAK T 47.5%; Ir-kt3 [7 %1+, % Structure-SLAM BEK T 5.7%, % ORB-SLAM?2 [#{K %) 28.3%; of-ktl
JFHIR, % LSD-SLAM [EAIX | 18.5%; of-kt2 /5741 T, #Z Structure-SLAM [#1IX 13.3%, % ORB-SLAM?2
PR T 16.1%. ZE L, ASCHEIELE ICL NUIM BHRER ST o, PR RRESR B st T LSD-
SLAM. CNN-SLAM. GeoNet %5 %, X Structure-SLAM. ORB-SLAM2 1 J& Bil Hi AN [R R EE 1RO RS A
#

4, gEip

AW FCHE T — P IR S I SRR B H SLAM RGUHESE, 38V B 2 ST R ) H P 4 it
AR ZE R AN E, SREBBBIMNARRT M FE— DR TR 7 [ R TLELC R4 S5 R UL
W, IR AR ABAMIAG R RN R BB A2 B AT FE, A R T AR o FE A5 B A5 25 (R 20 AR BB
£ TUM RGB-D ##54: 5 ICL NUIM %54 RIS SRR, Fri KRG EFERA 785 g
TR E s T B R, R H SLAM TESS S B i ML R R AL T A R0& . Rkrlidt—
WIRBAZHNERL S Z AR IRIR RS 7 %2, BN RT BN A3 5T R & M BodE,  Dha e FL 8 FH Y Bl
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