Computer Science and Application +EHLEIZ 5 R, 2021, 11(12), 2862-2871 Hans Xl
Published Online December 2021 in Hans. http://www.hanspub.org/journal/csa
https://doi.org/10.12677/csa.2021.1112291

—MET S &N RIEMSLAMEE

g‘& :7\‘&1'29 %Fﬁ ‘{‘F‘l,Z’ %iﬁlz
WA S B S TRE SR, HOR 22
SHIR A BB SRR S B TR TG, HIR 220

Wk Hi: 20214F11H6H; FHHEM: 20214F12A6H; &AAHM: 20214¢12H13H

=

LG IR R 4 SLAM (Simultaneous Localization and Mapping) 8%, ERSHEGRT, FAFESE
MEEEZEZ R ABE, A CR—E—FET S AREE VLR SLAMB 2 . % B UIFR K
VINS-Mono (Monocular Visual-Inertial Systems) R4t A3, FEMFERE BRI T RIHE, £E6 Rk
B A BORRYE, R HIRH —PFEEE IR RS, WD T ENRRER AT MR, fRE
TRGHELEHE. LB R FREESEEuroc, B 5HARFFIREEMXT G, WNASCEZRHTIEAE, L
WEE BRI T A CHEERE M.

XKiEid
VLA, SHOCEINE, RERIHE, BIREHERn, Sk

A Point and Line Based Visual Inertial
SLAM Algorithm

Jie Zhang!2, Dong Peil2, Wenhui Gaol2

'College of Physics and Electronic Engineering, Northwest Normal University, Lanzhou Gansu
zEngineering Research Center of Gansu Province for Intelligent Information Technology and Application,
Lanzhou Gansu

Received: Nov. 6th, 2021; accepted: Dec. 6th, 2021; published: Dec. 13”’, 2021

Abstract

Traditional visual inertial SLAM (Simultaneous Localization and Mapping) algorithms often have
poor localization accuracy or even failure in weak texture scenes. In this paper, a visual inertial
SLAM algorithm based on point and line features is proposed. The algorithm is based on the open
source VINS-Mono (Monocular Visual-Inertial Systems) system, which adds line features, com-
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bines the unique features of point and line features, and proposes a new data selection strategy,
which reduces the computational burden caused by line features. The real-time performance of
the system is guaranteed. The experiment uses open source data set Euroc and evaluates the algo-
rithm in this paper by comparing it with other open source algorithms. The experimental results
show the effectiveness of the algorithm in this paper.
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1. 3]

ML AR M 248 VINS (Visual-Inertial System), J&ft-& LA IMU (Inertial Measurement Unit) %4 Sz 31
SLAM 5%, HLEs NS — ROCBER . Bl A AL 1% SLAM R4, F 2R ARHIE miikilt
ITERES, B NG R BURRE &, 5 IRREIE AU HE 35 44 11 PTAM (Parallel Tracking And Mapping) [1]-
SIFT (Scale Invariant Feature Transform) [2]. SURF (Speeded Up Robust Features) [3]. ORB (Oriented Fast
and Rotated Brief) [4]55% . 2T SHFIEN SLAM RGUKH T AURMEMEE AR E, UEER. &%
U RN, AR B R R R S RE, S R R, B2 HIURER RIS L. N
TEGEEET RRHIE SLAM RGMERE, BROREZ B NTFIRTE RURHIE R G IIANZRHIE. Pumarola %5[5]
7£ ORB-SLAM [6]f\3ERE EInNZRAFE, 21T PL-SLAM (Visual SLAM With Points and Lines), 4%
FIFHERHE AT REVIMAI T, —M A& 4G 15 H A SLAM 83 HE Yijia 5[ 7]#2 H AT
FRAFIESE A MR GBS A2 1T PL-VIO (Point-Line VIO)BF£REFEAE s B AL HEZE 1, DL ALY
JrESRIL T RS E . Gomez-Ojeda %5 [8]7F SVO (Semi-Direct Monocular Visual Odometry) [9]f) &4 I
PEH T T AR A E R B AL B T PLSVO (Point-Line SVO). it e [10] 011K % 5 7 Akdx
SHACEN L, W T — DAL AN EMS SLAM £%1. Qiang Fu %£[11]7E VINS-Mono [12]ff) 2
filt E3GIN T EAFAE, R ARHIE R PRI, 3T T RS HOR IR A A S, ot i ik,
W H— P B A s IR I S i B H AL B R 4

PA b2 H AT U BORAT I S5 & 1) SLAM R4, ZAFESR UK Z KA LSD (Line Segment Detector)
[131553%, HlT LSD &k, B8, A& T SLAM X Rl seit 4 ZoR 85 K 2 4t. Cuneyt Akinlar
SE[1417E 2011 42— Fh bRt 28 BURFIE PR HU LV EDlines, JLRERETELR MR 0] N 25 RS MR R 45 51, JF A
Lt LSD fu il sk AR SR BGH 2, (HAE 25 LSD Bkt A SCN EDlines Sk dEAT ook, #ELRIE
JRE ST R SEAE b, e T EVRRE R ; ZRBLUTECR A LBD (Lind Band Descriptor) [15]45i4F 75 %,
BN BRHERRE 5, TR PRI RN, D ORI T I ) S, fRIIE T R4t
B, IF L VINS-Mono R4t AHERIEEE AL SLAM £ 4.

2. REHEZE
KL SLAM BRGi3E40 AU ALRE: MIEEUR TS 5P - 150 BA S&Eefr. [ RIA4
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Figure 1. System frame
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EDLines J&— @ B E KRB H L, THRSEIRE R H A R NEGET—H2EBR S
BENE, —ME. ESBMLBAIES, PRI EelRIA%, BRSO ALLT 4 5 ¥
K B B e i A 34T AL BE e PR G 2) M E RSP RAG RBIEREE T IR B EEAE 3) Keh A
b PEAH AR S BN R 4) FERER SR i

¥ b —0 il S ER T R %, R/ RGN E R VR TR B AR, ERF S RE
A8 6B 2 F /N -

ming|@|=g|¢(xi)—yi| 1)
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M K25k
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3.2. EDlines B3

B TSI I ERAFAEAFAE 2R TR, /D Ik BN, R ER TR & e iR Ak
RIEWELS RN SAFEWZE , Bt AASSCRE R BER LA — EUE(RANSAC) [16] 50 M PR AR RFAIE 5 A e T 7
R, RANSAC S92 i I B 5 A R s A5 B, 0l A B2k B0 5 R N RO o

RANSAC FEMEBRENP IR T HABUE AR EMEBRETH N MER A, LG
PINEER AL B FER A f N R RO BRI R y =ax+b o SRRBOERIME T, TH5EH
AN -2 MER A SHRTTRMEE, St hEE e T RER S REE M, ROX e sifR oA sl e
EBBEER KR, MAEECKRIN PG 21 BRIy A bR B 2k
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Figure 2. Comparison of linear fitting methods
E 2. BEEMEEETL

i/l RANSAC SF G L, & ER NG EMFESH, Saiall e L 5 S B8R 15 2 Prs
N AL 4 A A R B, Lk RANSAC IS St ae: BRIMET =25 iR HK =25,
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Figure 3. Comparison of actual effects
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4. LRYFHEPTHED

PEE B LRAFAE 2 J5 BN RASAE AT 363 FF 0 CAVCIC » ZRAFAE FOFER RIUTHC 7754 Zhineng Wang %5 A
PEH I MSLD #iR 1 [17], %R 7 HA e . A BT, Lilian Zhang 558 A7ERCEEAT FoEH T
LBD A F[15], LBD iR F5IANT &k R HsHiAE 24, AHX5 T MSLD B4 H4F TR AR,
(7 B 4 SR A B

LBD iR T H e 2 E LB E# L —ANE TR L BSCRFI LSR (Line Support Region) . i F 277
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LRTEAR R d, , SEZT IR EE T, X PR T R BUR S 2D AR R, R AR R I
FOEIRZBUN R K LSR B ME R I BE B BUE B Bk R AR & e

g,:(gT'dJ.'gT'dL)Té(g‘;L’géL>T (3)

g BT AR R IR ERIEEE, o BRI R BRI . SIANER RS ) RERMAEL B
T FLJ7 ) BN BRURR R, ARSI R R T R 2 ) BRARIA RN, @ iR R R AL H A
A B XML HRFIE & BD;, A HTARHEIE A IF, 6k LBD #iik 1
LBD =(BD;,BD],--,BD} )’ @
¥ B, SRS B AT R IR L AT 70 IR A X kAT, A
VI =23 90,v2i =43 gg

94.1>0 941 <0

V3§ =1 gc’iL'V4i} =12 9a

94 >0 gL <0

b, A= 1 (k) (K) BT RYL, SRR . T UHIRR BD, AR AL M R

®)

DOI: 10.12677/csa.2021.1112291 2866 MR 5 R


https://doi.org/10.12677/csa.2021.1112291

vI; v e
vt w22 o 2" s
BDM,=| J "} , |[eR™"
olva val e vE)
n (6)
va Al . val
N 2w, j=1m
 |3w,else
5% BDM | (OB i M RIRRIE S 22 ST 43 HEAT VA — 1, 13 BIRHE
T
BD; =(M],S]) eR® )
B 133 LBD HFAiE:
.
LBD =(M,,$/,M],S] -, M],ST) &R ®)

5. WIEEE R

LRFERTIIN, TERE BT, PRSI . IR RGNS P, SCHR[18]5H A s AL
SLAM Sk, AAAE R R H i R X IR UK B ZR AL . TR — B2k AR B 5 73 3 S Bk, R
o0 P2 2 FEE DRI 45 0 R PR T AR AR 8 AR DX, PRI 1 BRI R VT BE A 1 R AR SR O A SCHR[19] 92t
R AR I T SRR NS, ¥ B R BRAUSC SV ik i, I A2 A5 T VA A Y R A Dy
REEM, R TR RGEEE. SCHR[2018 I 5| N BTN, A IRE AN RVRZ B, ARl i
KRB w7 RGREAMSEIYE. o8 7 BERSIANZRHE G TR, AT P X RS 5 2y
E AR PR SRIS , WAL AR B E R, LR T, RSN, MR R e i, K 2ky
AEBRME RN, BUDBEERNHIE; 2B PS5 ECENE DL, X R R LRI, AN R ZR R B, RE T4 I
2 2RHIE, LB ORIE TRERE, JRERIE T RGN k. ESChR RS0, BREBREL 1 Pox, sk
Ik R Ve BN i E $UE 150, 2R 4 H BB R R 2255079 100+ 20, HACH B R4 10K H 224 22 4L .

Table 1. New data selection strategy
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Figure 4. Improved renderings

4. PR

K 4 R 1 RUIRHIE R A D, XA IS OU Y, SOt AT R B SERRISATRCRIE . A 4(a). 5] 4(b)
R RRFIEAL 2 N O AT S RCR I, [ 4(a) 2 BT, WRHBERSI I RS IEE H e, EON T REME
I, R K P R, ORRF RURFE R ANAR B/ NERRFAE R, RIHRE 3D SRR A AR AL, et
JatnE 4b)Frar; K 4(c)~ 15 4(d) A mURFAE R I it A E ROR I, [ 4(c) 2 Bk, e &I R o 2 B
R TR GG ECE Y 5, RARRHIERD, SRR ZRFIE B, SR T 2 ARFIE, R ARSGE, ot
JEtn B A(d) TR . RIS BERSCE CRAESTRS FERTRTIR T, [AIREORIE R ST SEms k.

6. SEWEROH

N T VG ASCEE R ERE, A ARHERL I I 24 48 Euroc [21], S BIREHE V2 55808 5 .
NATLEELL VINS-Mono 4 NHEEAITT K, BT LKA USRS VINS-Mono & PA VINS-Mono AT &
) B LR HFE 2245 PL-VIO. PL-VINS 7£[5— G HL2% EdE 70t L.
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IS5 HAR U SRR BT L, 5 RN 5 BR, ARSCENEAEAS A ME B B R 4R B3 RAF IR I,
T MH-02-easy XML LR B, ARCHEEPIESHE 3 F SLAM HVREUTEA—F, (HRETE
V1-02-mdeium. V1-03-difficult. V1-03-difficult X =AM Eade I, A SCHEIEHL S5 H L E 3T, B
BT e 3 M.

Table 2. RMSE comparison of various SLAM algorithms
= 2. % SLAM BIAH RMSE Xitt

G/ TE VINS-Mono PL-VIO PL-VINS ours
MH_01_easy 0.1707 0.1516 0.1415 0.1361
MH_02_easy 0.1918 0.1732 0.1684 0.1592

MH_03_medium 0.2257 0.1943 0.1901 0.1823
MH_04_difficult 0.3536 0.3154 0.2933 0.3014
MH_05_difficult 0.3096 0.2765 0.2684 0.2443
V1_01_easy 0.1165 0.0912 0.0816 0.0596
V1_02_medium 0.1361 0.1132 0.1056 0.0893
V1_03_difficult 0.2125 0.1913 0.1839 0.1765
V2_01_easy 0.0983 0.0958 0.0844 0.0731
V2_02_medium 0.1863 0.1619 0.1511 0.1455
V2_02_difficult 0.3134 0.2890 0.2749 0.2681
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LRAFIE T BN A RIME, 7ERR MH_04_difficult DLAMFIEE 4R h #5152 T 58 s (R kG 2
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B . A R ERRHE AR Sttt FET BT FeI7 e, af DARSEoE 5k, My 2R A
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