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Abstract Keywords

Owing to the localization error associated with traditional SLAM frameworks used in dynamic dynamic environment
scenes, the established scene dense map contains dynamic objects with overlapping motions, lead- visual SLAM;
ing to insufficient robustness of localization and mapping. For indoor dynamic scenes with humans thermal imaging system;
as the main dynamic object, and from the perspective of “temperature” , we propose a collabora- RDH three-mode images;
tive scheme of multi-sensor SLAM using a combination of the thermal imaging system and depth multisensing synergy

camera to tackle the issue of positioning and mapping in indoor dynamic scenes. First, we establish
a set of joint calibration strategies for the thermal imager and depth camera, redesign the calibra-
tion plate and scheme to complete the internal parameter calibration, external parameter calibration
of the camera and image registration, and obtain the one-to-one corresponding three-mode images
of RGB, depth, and heat (RDH). Second, we use the thermal image to obtain the mask image of

the human body. Then, we construct the static feature extraction and data association strategy under
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the framework of the ORB-SLAM2 system to realize the visual odometry using a three-mode image.

The body region is filtered based on the updated depth image, and the static environment density

map based on the three-mode image is constructed. Finally, the experiments are performed in a

dynamic indoor scene, and the results indicate that the proposed algorithm effectively eliminates

the interference features of dynamic objects in a dynamic indoor scene and has obvious advantages

over traditional SLAM algorithms.

0 515

SLAM E N HLas N i) —TOCHEOR , W T
PRI 2 ATE A SR 55 Hh 10 0 B oz T A AR
R A, SLAM 3243 il SLAM ! At
SLAM™, e L3t SLAM 75 BRI 017 1 {1 345 ]
W, R LA AR RGN ) BB T B, shASER
B BLS A T vh  DLA I e, SR TR 48 SLAM 53
VETCTEMER X 0 S S IREE P RYIB Sl g, DA TR M
WER R 25 R . I, SRRE T3l S35
., SLAM SEYERHESEDL s A & S FAT B AE AT

TRGERI LG SLAM S e AE RS T A REARRE 1Y
HIFR TR, SLAM B 2y Smith %5
T 20 12 80 AEAFL Y. PLuE SLAM & BH 1 58 K
(FRETRAIRE ST o Klein 6 YORRFAE 225 B ]
F SLAM R %34 H T PTAM ( parallel tracking and
mapping) , FFEIPEHLEE H BRERZEFE AL IR AR, 1R
GE—UCRARR RO L R IE B AR I T R 458
et NARLRIEICAAE o sE SLAM J5 s 161
o BEXT PTAM AEAERYERER 7 B AR AL, B B K
iy Raul %5 /5 PTAM (9 360 E T 2015 4R 42 4 T
ORB-SLAM, ZJ5fE#& T 2017 4E4EH ORB-SLAM f{)i%
A ORB-SLAM2, S48 H |, XUH . RGB-D(color-
depth) & Z FARBLIT HLIG 0 T #0181 52 TP RE, 75 29
ATHEHESE A3 B AAE AR 21 I BAT B e O TR
P Engel 25 4R T —Fh 3L T 5 B B2 45 H Fliz
AR A 5 B A2 1T DSO (direct sparse odometry )
G5, DARA | TR T A T R s SCHK )
B, AH X S 500 IS AL U, & T T A ALIE 37
% LI M REE YR

AN X SIS FREE T Al A T 1 e for 15
FEE gt 7RSS, BET S Ir #2800 F
THERBNZEXS R . v BN RO IR ZE R 25 TR
EH AL SR T — R RERSTE R S S S R T B
1217 i) DDL-SLAM ( dynamic deep learning SLAM) ,
TR A5 A IR RGB &I e %6f 107 1) T 1 1]
B, A TR . BRI R Bescos 55

7E ORB-SLAM2 {37l |- 2 ) DynaSLAM'™ | %3
BA B 1) sh 7S HArR AT SB /ey, (HEA
RETR BN S PEBSR . Rinz 25 42 4 LA RGB-D %t
TAE NI AR Co-Fusion REE, H1151% & G RE A=
— AR S IREEAE B AR, R T B 1 5
AR, BJE, Runz 22 4 — AN TR U5
PR RN 2 H AR MaskFusion 2&4¢, S
PSR E g, (IR RGN T/ I A ) SR
BN RIAE, 1250 FI 3 S B B BoA 7% 18 0 8
PRI, L5 K2 Zhong %5 i) Detect-SLAM
ARG, FIFHEEMZR L SSD(single shot detector) 4]
A AR A I 25 4 W 2l AR RO R B LR R, ek
SLAM FsERf 1 A 5 LATE 2R 1) 7 Al R B8
(R SIE SUHIE] . Henein 45 42 T —7f Dynamic
SLAM 5532, 2R FHTE SO BRAG T 5 b Wi
Wiz, Tohfbi IR ZASE0E 3D AL ER R
P Yu 2SR T — i 1 3 A5 BP9 E HRE L
T4k i) DS-SLAM ( dynamic semantic SLAM) , 15
SOy BN s 3 — B A T AR A, N T
B X LM 5 Scona % T —F RGB-D
SLAM J7:, eSS MRz 3l H AR ] AL
FAHN S BT A k. Rebeeq & T —
ANETF LRI EFET T (event-based visual odometry,
EVO) 5332, 25 A T 1 SRR 58 H R R SRS
PEAFHPLIZ SN, (Rl IR 5 B = 4ER b s
Sk, 145 EM-Fusion'™ (expectation maximization fusion) |
BaMVO0'"*’ ( backgroundmodel-based VO) ,RO-SLAM™’
(range-only SLAM) | FlowFusion® | ReFusion'® J73%: ., ¥
A SLAM Jk milmsh 2555, A8 SR FE
BEPEAS Y [)

NS J B PAEAH H AT B AN R A s, B
MREEANR] . BT, T DA B R4
ENGE, ASCRE T AT IR S R AL 2
1RIEPMR I 58, LA 8l 28537 5 vh i i o7 15 o & i)
B, BPSR ARSI RGB-D IR AL E 258
MRS, B, T 2L R GRS hRE S
FURICHE; SR, R THVRIE S A S HI R4



6 1] skEte, A5 T 1) % A S A5 0 2 AL ALIE SLAM T ik 643

et R IR NER I B PR AT 7] RGB (4]
TEARIEAWI L AE AE B 55 BRm, Xl
PEATHHE | DBIE, PSR, A R A MRS

1 AR R otheoe S IR RCHE

B G RGB-D R B M HLJE T 57 U 4 &
i, T EhAY R b r e AL 5 BT, 72X ™
MG AR LN AL AL R G AT AR N S5
E  ANSRE S RIS BCHE T A

A ) RGB-D IEEAHLN Kinect V2 IR E
FABL, GLHER ARGk . 2040 ot as A 2L b 2k
i, AP IR EEAE B8 BN A ZL AN ERR [a i [ o
AR A5 B, B AT A 3 B RGOk I T 21 A &
%, WEBRNE—Z, Hil TREZRGICL R
IRBRENUS L, SCTEEAT AP RE i FH 205 5
HATHRAE o
L1 HREFE

AL AN & TR T 5 € 2 A Matlab
Camera Calibrator ™' | FHAZ Oy 44 2 75 0 45 Tk
HEEREAR UG T A s, 3H38 AR BLI 8 26 1
GllEEES e

PGSR 495 J&] FB P15 Y PR 00 1 D0 2R AT 1%
TP AR B AR o Hy T M A E R
Bisk DA ABIA R, B2 N6 A A5 N
BEASHAAR PR EN, #5 T ROT2H 30 mm x 30 mm, %
T x4, WK1 s, Hrb ROk 7o X,

W' -

aesal E m' E
/ (a) RGBEZ 7 '

(c) B
K1 gl &

Fig.1  Calibration images

B AT b E B T IR A I AT, e

BRI, TG NRRACAY R AL AR
BORIE], i (8] A AR E AR RS 5 DI 5 4 Al 2 )
PR A 2, PR AT DATE PR Sk T 7 AR
FRBIER, WK 1 () B, BEPRENR, 2L
AR R A E A TR E R BCR S , [AI2PR4E T 30 5K
PR R, Hoh R R A 1R
1.2 #&{L5 RGB-D N SHRE

PR ] FLIR $RAX, UG A & 5L
BRL, FAHLNSHE A
fo 0 ¢
0 f ¢
0 0 1
B, £, R EORIE « Bl Ly BT 1) AR R
KL, ¢\ ¢, N ERSEPRALE

K= (1)

FRIEFR 455, 155 RGB 853k | 2T M 3k Fh
BikMNSHIE K, K, K, R
1 047.232 2 0 951.520 4
K, = 0 1 048.059 7 541.544 7
0 0 1
369.930 8 0 252.920 2
K, = [ 0 369.901 8 200.105 7] (2)
0 0 1
2 205.483 1 0 483.346 6
K;[ 0 2208.447 5 5mm7]
0 0 1

HIARAE S5 R AT 1) 2% 1 S B A2 o W A8 R 8K &
ky, BRI 1 PR,

Fl AL AR 16 W A2 2R

Tab.1 Radial distortion coefficient of each sensor
RIS k, ky
RGB #H#1 0.013 5 0.839 9
TR/ ML -0.061 9 1.140 7
PRI -0.253 7 0.677 0

1.3 %5 RGB-D HHINSIRE

PUGAL . RGB-D TREEAHPLAIAR R 7 B anl&l 2 By
N, N T REREHEAT R ICE, 2R BT E TR —
MEARAR P REATERR e Ry, B, 5090278 RGB
BESkARXT T LLAMEE Sk 1423 [ J@ e R e B Hh o i ] £
FRBI R, Ryt I BN B S AR X T AL A B
S 1425 [ JRE % R B o ) P2 1] 4

RBAELLIMAYLIA— LA R R ARG P, B
TELLAMADUR R P BB R0 uy, BRI
BAA—AL AR R F X B2 (6] 50 P, Zid 0¥



644 55 3 51 %

PHE PGSR P LR A w,, RGNS AR
K, W 2R ER SR, W1

P, =Kd71ud (3)
PtzpdﬂLPd*’tdat (4)
ul :KIPl (5)

S

K2 ZARE RS

Fig.2  Multi-sensor vision system

it A AR bR R T AT 25 ) A P, MR 25 )i
EAWOCR, WL ENZ S A LLAMHYLAL AR R T Y
A Py, TEPRDRR R TRz mlE P, B

P =RR;'P,-RR;'t, +t, (6)
o, Ryt FORLIMAPLEI SR R, ¢ FR
IRA PR AT 2
xtEea(4) . (6), ATLITGE.
R, ,=RR;'
| (7)
t,, =t -RR,t, =t -R,_ t,

MG (7)) m o, HERIR — I 20 2050
HLA AL ZEFIHRAC A2 28, 3 mT LAAS 2P 2 2 6] 11
AL E KRR Ry tyo [FIBER]ZRAG LA AR HLAN
RGB HAHLZ B Y A5 BB R R Ry g La

Rdﬁrgb :Rrgth;I
i (8)
tdargb = trgb _Rrgde L, :trgb _Rdﬂrgbtd

AT EHE AR, AR — 5 RCB &R
LLANEE ARG 7000 FARE R IO 25, #4753
Mfrmad 5 (7) . X (8) #ATIHHA AT 2 52 e
ZIAI AL o ) —35 N A A AR R AR
K%, ik 3 s

XT R AR 5 4%, Matlab Camera Calibrator 0
PLES O B R AHBLAL S, THRAF RIS Ry

1.000 070 -0.001 038 -0.004 254
, =10.000 959 0.999 334 -0.036 710

0.004 182  0.036 583 0.999 320
Ly, = (-=52.705 098 6.049 173 -23.092 634)"

R

drg

1.000 034 -0.006 201 0.006 771
0.006 207 0.999 987  0.007 662
—-0.006 879 —-0.007 658 0.999 939
t, ., =(102.255793 -122.786 627 17.521 777)"

R, =

d—t

(b) ZL5E 5 (c) B &
B3 [l —s nhn e EHR

Fig.3 Calibrated images of the same scene

14 EFREHEN=RKEGKLE
N T ORI ZAL B v] LASRAS 58 & — B BR
3 3 PRSI Z B AR [R] X8, 5 2800k B
)22 s 1 I i PR IR AT RO VAR B, A5 BB R k)
N EA AR R N 2519 RGB K KR . £L51 A
BAREIE
iR EUR P A —MER S u,, HIREE N
2., WTUMRENZ S AEARPLARAR R T 1) 3 42845 Py
P, =z,K, u, (11)
EMZLAMEE K M RGB Bk 23 (8] LR Ry,
ting,» TEHIGE RCB BUR SLLMAGRIE R K u,y, |
u, Z A A AL E AR
Zogh Uy, :szrgdeﬂrgbKd_lud +K b (12)
[r] BEAS B ENR 5 LLAMER IR R R Z ) 5
[HEVAS Y
zu, =z,KR, K;'u, +Kt, (13)
MRAE(13), AT AR BR B EUR P A — R R N
u, AILHT RGB R AL u,, AR R AT u,,
i PR R i — MR R A, RIVAT R BZIR E ]
BXIRNERY RCB R R R AE ARG R RE, i
HARBR XA RS L BN A — B0 28
RGB K KGR BREE KGRI, sl 4 Fios.

(a) KEE %

—

(a) KEER

(c) P
&4 FCHESS ) GDH =# &%

Fig.4 RDH three-mode images after registration
2 T RDH —EiEURA LR R
BN EE MBS xR— A, FIHHAE




6 3] skEte, A5 T 1) % A S A5 0 2 AL ALIE SLAM T ik 645

BARENIPFINGE, AT AMIERLEG , T E S
SRS D, AR T S X £ BT R
N R EEEN, SERt AR TS E .
2.1 ETREGREAMERER

IBOCR A BB ORMR , BOB e Ak
DX N AR ZK BEAEL TR X R] , At nT AT Af [ 15 A
—BE AR fEREE24 ], i B4
R VEFRAR R EIX R[22, 95 | 9 AR, H L
XA AT RUL IR WAL BE, SR )5 A AL 73 1153 5
PG NAR P EIE R, B S (b) Fros , XA T I i
SIGAKALBE, KBROI AR, 13EIE S (o) By
B, PR NI

b))

(a) FEMR (b) —{EfbAb 3 (c) AN
El5  AfRfsiEsg

Fig.5 Human mask images

22 ET=RE/RHITALEMIT

ORB-SLAM2 B AE R EEAHELE , ERHAESTER
ERINE, PEERRE A ORB RAE™ . fE 2.1 45
rh R PR R AT B R R 1R, HAE T2
X ) RGB B4 _F A B R X 4 ( region of interest
ROL), RIS AR IXEE, X ROI [XJ(i#1T ORB %
AEFRIR, RIA] S PR BB A AR AR H Y, Bn[&l 6
Fi7s o

6 2 ORB FFHEHEHLE R
Fig.6  The features extraction result of ORB

ORB FHE 415 B A H] Steer BRIEF fifiid 1317
ik, HIBFIA F G i i P85 R AR S AR 22,
HOCR A28 R 38 05 3R 58 ISP i P15 22 8] B Rk DT
B, 4 RAE 7 (a) Fis e ATRIER], BT E MY
ARUBE SR 7, AN [ B8R AL A R0 25— 28 S [
S PEOCR MR, 2RI AT AR . R
FHA SRS Sy« DT PE I A o 3530 B DL e ik

R/ N DU RS, AN DU BCRAAE A DU BE B R T
HR/NHES Y 2 A5, R ERICBE T LIS, 25
RN 7(b) PR

(b) FERHE D AR
BT RIS

Fig.7 The result of feature matchimg

XFUCHCE] Y F ik £ 4% PoP ( perspective-n-point )
FREEATIERE, (AR DAL R A R i, 44
Hefp/ N AR MBI R AGR R, SEitl, Mt
Y HTA AL 30

3 TR Pl A

P2 AT RDH =452 (] {504 fa i A5 A 455 1l 141
W75 o B SR R AR B 8 AR N R A
SRIG G AT IR FE R T, DI Sk bkt 3 MR
R, SJa RGO 2% RGB-D %4f e 4t
R IR, P R RS S A B
SIS T 3 iR AR AR A
3.1 RGHER

55T ORB-SLAM2 SyAHESE , Ky hn— > H s
(dense mapping ) &K%, #2& i —Fl 2 1% AL 5 SLAM
Bk, BILFIEHE 1T A IR ER (tracking) | JRy 8 1A
(local mapping) . [ 3461 (loop closing ) Iz FH % it
Kl 4 MR, RGAELRWE 8 fis. Hr, #4734
e SEmialT, EEE TR AR RDH =R
A R, 152 RO AR PO | FRAE
T L BN %) SRR 51) 5 e 2 o i) ) 28 k1 4k
T BN TR O T 81 T TR B R T AR D
bR, AR AHN PO AT R s i S5 PHE, B4
b 5 A PR B R AW SR A HL IR, TR
THE R AT, SEfS 8817,



646 & RS 51 %

K8 ARLiMER

Fig.8 System framework

32 ETREGEHFREERR

C IR R R AR R A AR AR BE {6, AR 24 i
FEBUOL 2RI SR F] AT 2R R s e 5k
by RZMIHIRBEE 2 =0 B, WITCIEMREIIL 3 gias
Al X — BB, AR R, R —
TR E PR AR XIS TR BEAELAB 24 O

BT - PR EE, 2046 1 A A
AR SRR — DR R, H IR P
1] PR 2R a8 T A A DX 3l ( BV AR A ] v 8
D 0), PR TR EE B P AT TR AR R B TR (E B
R0, BUABAT TS Bt T —1
BR, B Bk, HAHEEREREA, K
JE PR S HACR AN 9 J 7 o

!

- O, AR
o AR

—
B9 HIEEGE
Fig.9 Depth image update

TR MG e AR RIS Ak 31 )5 5 [7] RGB &
GARIE A5 WO I 3 2242 1 a5, 2= (point cloud, PC)
FOa ¥ BRI T P SR . R b B, ARk
mAMHETER

AR RGB-D M HLAE b 51 2 1) 5 R S A%
S, AT LA IS R B R] — 37 5 1 RGBS N
%, BIAT LR A5 E5 R B AR p = (u, v)"
VR 2, ARHEAHHLBLAGAS RN S wi A AH AL 22,
A5 B VR BB O AR 2 A % 107 11 T AR Ay

P,=zT"'K'p (14)
‘ R ¢

s, T= ( , 1)0

i IR EE L, W MR R ST LR ARG
SRR, 1855 2, K RGB RGN % 2 1 B fa,
MBS = L, RSP S It 3 5 Hh ) oA
i, AR EETE S A,

S A B AN T 1) 23 (RS s i3 B, 4T
Zo R PR R A — T, BV B A ARAT A X g
Pig s, (HEE AR, SOk n 5 2ok
FETES AP 3L, X 0 X sk A B A 2 e B 1) 2
AR s 2

XA ) 2 TP TE B BT S A R AR R
Wi, EERGT I BIRB RERH  RE
KA Z IR, BRI

PTG Tl K2 b IR B RE e A WF AL Be 5 5 4%
4 BT 1 2T 3 R A RIFIE R, EESH
k=50, n=1, G UE I E M S = WE 10(b) i,
Il s e 3 402 359 AN EHE AN, il St
WA Ab PRSI 4x 2 261 548 A N, Fd = b
33.5% , (5 FZs [ N 54.5 Mb Jgi/NE 36.2 Mb, A%
TR AR E N 1.5 em x 1.5 em x 1.5 cm,
VRGBS S W 10 (e) FoR, BUBT o5 = 000 ik
[ 1 108 887, AHELIELR w8/ 67.4%

Shd BT B RN AL, BB S I s ks
i H OctoMap™ Hi I 3. B 46 LA 1.5 em e/
O3 HERAN A\ ORI, SIS = 30, i T
MEBdE, A S AL E A5 B AR X
N E [ OctoMap H, T8 BGAHS B0E8 19 “ (R8I



6 1] skEte, A5 T 1) % A S A5 0 2 AL ALIE SLAM T ik 647

Ji 1 OctoMap H BT A PR A3 ) Bitie 28 14 /\ SRR
PREAY, & 11 ffrz, i SO o R 2 Rl
8.4 Mb, AT A K =8> 84.6% .

@FE®RAZ (b)) SitmEBAtE

Bl 10 JEpzab R
Fig.10  Filtering processing

(c) R BB b H

B IL NSO PR
Fig.11 The model of OctoMap

4 SEBYSIE S T

RIS UEASCRE 1 AL, S-SR 12 fr
TN ZAR AL SE SLAM RG LT 5, T £k
HandsFree 56 B S HLAF A, AL 100 Wl 4e A
2 N IRBECH Y ZALIRAR G Kinect V2 TREEAHL
F1 FLIR T1040 #AG AL B, Hipan S5 2 pr
7R3 14 & ThinkPad E470, H 40 PRES K Inter
Core i7-7500U, j&f7N7F 8 G, F42.70 GHz, B
2.9 GHz, 47 #14 &% Windows 10 + Ubuntu
16.04 LTS MALGHE .

PEBRAIAL Toll K2F AU R Ree & o e 5 5 1%
450501 )2 RAE by 52 bR 37 M2k A7 B0HE R 4 L
P ] PR A5 SR I R B R 20 €~ 45 °C
P ARAF Y EGRF 9 43 0 4 & RGB E&
W EGARES, BRI oK 13 (a) ~
B 13 (c) fitn, BG4 A 35 75 30 an 13 (d) fr R
NI RS . DA —2H B R ], e o 5 A5 20 4
Kl 14 firs ) RGB R . TR BUR AR, AR P8
OEMR AL PR S A5 2 a0 B 14 (d) B s i) AR AR
LR

Kinect V2
BRE AL

FLIR T1040
BB

ThinkPad E470
HE

HandsFree
= %ﬁ@ﬁm%&k

CRERPRES s
Fig.12  Experiment platform

#2 PRGN RGES R

Tab.2 Parameters of multi-sensor visual system

E 2 RGB-D L PRI
=) Kinect V2 FLIR T1040
RGB: 1920 x 1 080

AN :

Gag s Depth: 512 x414 1024 x 768

W7 RGB: 84.1 x53.8

(FOV) Depth: 70 x 60 2821
[T 30 wi/s 30 MWi/s

(a) RGBEIR T3

(b) REEBRF5
A
~ I8

B e N

| [

(o) BEB A

(d) AMEHEEE &
B3 BlRde e sl Gisar)

Fig.13  Part of dataset sequence



648 &R 5344

51 %

N 14 Fr, BRAEES 2 P PR A BCHETT I,
LT RGB MR IR 51 5 TR R IR 3R
ZIAI S A B OE AR, AR BRI R X I RGB
PR IR MRS R, i T AR R AT 2
SR RN A — 2048 RCB KGR FIFAEIZ
Bl 14(a) | B 14 (c) Prn. SRJA 3T RCHE A i T4
B, “fEA T FIPAT A AR B A 14 (d) |
14 (e) fron, HrpI&l 14 (e) Hrer a2 IR ]
1% 14(b) MR IKIREEEE , Ml I AR
G NIRRT LR T AR R B S ko it
—Hl, 13 Fn v s 3 it RGB E{% . TRIER
15 SRR A BRI B A AR AR [ (G 1) X L3k
WY, Pt A nT R E RIS S S 5P sl B X RN
AR R o

[
3 q

(b)

RERE R

(d) AEHEHE

(e) NR#E R

Bl 14 G EE
Fig.14 The image data

KGR AZAL AL SLAM R4, X HIs 74k
DU TR, A 15 (a) Bzse MEARTEE, 1S (b)
R P ) RGB BRI 51 AR E BB Sk AR
MUIALHE SLAM R 58, 3 Haa AR oL T B PR,
LS, WTLUR BN R ERRHE S B AR

TEFIHE ) 3 S B4R _LiatT 2L I R 55
J% ORB-SLAM2 553, #32IABLILINIE 16 s, M

IRl UL, WA RETE IR T 22 S BOR I Bl «
PSR A 18 47 00 300 15 25 B 05 o ] A0 38 R AR AT
[l 12473 s Ja, M TahSN R, H5RER
TEN AR, 2 Ak R —Em
PiTHLaE s

--------

(agf!%‘e% b) OB-LAM2
E 15 FasirmeE

Fig.15 Screenshot of algorithm running

—— B | - 1S

——ORB-SLAM2 | |

05

oA 0 T
--0.5
~-1.0

misfE " -LS

=2.0
-15
- 1.0
-05 &
P
3.0 _2’5 / y --0.5
= =20 15 1.0 _0’5 -1.0
X /m ' 0
0 —
—— AR
g 1 —— ORB-SLAM?2
=
-3
0.4
g
= 02
0
0.5
£ 9
N
-0.5

10.0 12.5 15.0 17.5
t/s

K16 Bkt e sessss

Fig.16  The experiment results of trajectory comparison

0 25 50 75



6 1] skEte, A5 T 1) % A S A5 0 2 AL ALIE SLAM T ik 649

MR B K ABARIE IR, AL SE Ak
AT AT £ IR AR A 2, HLOO T &
MERA SN 2RI RILIZ 0L 5 ORB-
SLAM2 S5 2 i 9305 22 18] i) 2 (B e Ky 1.134 m,
PITTMRIED 0.560 m, 2 AL A SE 314 1) K SR 2
A EE RS 10.65 m,

AR FEAT R 25 W& 17 () iy
R, YEXE G, ORB-SLAM2 vk 45 5] i) B4 4 05 =
W 17(b) Przs. 17 ol UE ), 248 80
FREHUAG T RAFRSCIRRCR,, shAXGLT- 9 FR
T,

(a) LB EE

K17 W3 4
Fig.17 Dense 3D point clouds

(b) ORB-SLAM2 5

Xof 2% S i B0 A P R R A T U R A P
A2 FWNER, GBI SEI k=50, n=1,
RIS S RO AN 18 (a) firzn, X HEIE 17 (a)
DB AT AR, A8 B B RE 5 8 B R
MEEEERE2E N 1.5 emx1.5 em x 1.5 cm, %
AR RVEIE R S WA 18 (b) Fis, TEHIBRITAR
BT, (A5 8 2 B S IR 5 0L

(a) GBI

(b) PR BB

K18 B s = B
Fig.18 Filtered point cloud data

Xt A A E SR A U 1 DB DAL B S A A%
s, LLLS em g/ NMIBEREH A U OctoMap

%75 SCHR

Wk 19 Fos .

B19 A\ SUR LA
Fig.19  OctoMap

ARG AT LU EAR JLIT AN /2 AT it -

1) i R B4 RGB-D AHLAN A% 1% 2%
o T BRAAR, R Kinect V2 RGB-D A#]l
DRIE IR 1 B AN iy, 5 E07E P AR G VR I 2R i
RGB R R EUR AR ;. PARAL A
i/, Tl S SR B RO HE S A PRI B R
160 x 120,

2) iy FEREE p AT BEAEAE 5 AR A LA
PR AREIRYIAR , SR A P05 A P 2
ILUE SR AEA R BT T AT LR TR 2 T 1 7 i
Ab PR EIG, SEAE B ORI A

5 g

FEX G e SLAM TE [f i 25 N 3h 253 5™
AR SR | RN A B UAR TR, AR ST
UL AR A, AR TR A TR EEARLAR
LG ZAL SLAM BrRl 580 oo, SEBLIREA
HLSABUR AR 2 AL AE R IR R E 5 2
B EMRECAE, SR)5 3 F RDH =5 R 0 A 3
R, BRI, fa XHZL R R G T
SLAM R %¢, 12 LA SLAM Hiik, 2505
Kk, TER MBI S, RSO 5 kA b T 1%
Gl oe SLAM S RES A AL BRSNS X R AT
P, T TRERCR . FEIREATE T, R
ARSI SRR | AN 5 S Rt AT ot
I, REHRA R .

[ 1] Durrant-Whyte H, Bailey T. Simultaneous localization and mapping: Part I[ J]. IEEE Robotics & Automation Magazine, 2006,

13(2): 99 - 110.

(2] faxE, e, XWett, 55 JETROCHE BRI GO SHEE T ELZER T ], RN WIS, 2020, 37(2) : 327 -332.
Wei S F, Pang F, Liu Z B, et al. Survey of Li DAR-based SLAM algorithm[ J]. Application Research of Computers, 2020, 37

(2): 327 -332.
[3] BLER, FMAR, 22E. PlHE SLAM Z5AR[T].

HHER G F#M, 2016, 11(6) : 768 —776.



650 =R 53 51 %

Quan M X, Piao S H, Li G. An overview of visual SLAM[ J]. CAAI Transactions on Intelligent Systems, 2016, 11(6) ; 768 -
776.

[ 4] Smith R C, Cheeseman P. On the representation and estimation of spatial uncertainty[ J]. The International Journal of Robotics
Research, 1986, 5(4): 56 - 68.

[ 5] Klein G, Murray D. Parallel tracking and mapping for small AR workspaces[ C]//6th IEEE & ACM International Symposium on
Mixed & Augmented Reality. Piscataway, USA. IEEE, 2007 . 225 —234.

[ 6] Mur-Artal R, Montiel J M M, Tardos J] D. ORB-SLAM: A versatile and accurate monocular SLAM system[ J]. IEEE Transac-
tions on Robotics, 2015, 31(5): 1147 - 1163.

[ 7] Mur-Artal R, Tardés J] D. ORB-SLAM2: An open-source SLAM system for monocular, stereo and RGB-D cameras[ J]. IEEE
Transactions on Robotics, 2017, 33(5) . 1255 - 1262.

[ 8] Engel J, Koltun V, Cremers D. Direct sparse odometry[ J]. IEEE Transactions on Pattern Analysis and Machine Intelligence,
2018, 40(3) . 611 -625.

[9] AiY, Rui T, Lu M, et al. DDL-SLAM: Arobust RGB-D SLAM in dynamic environments combined with deep learning[ J].
IEEE Access, 2020, 8. 162335 - 162342.

[10] Bescos B, Facil] M, Civera J, et al. DynaSLAM: Tracking, mapping and inpainting in dynamic scenes[ J]. IEEE Robotics &
Automation Letters, 2018, 3(4) . 4076 —4083.

[11] Riinz M, Agapito L. Co-Fusion; Real-time segmentation, tracking and fusion of multiple objects[ C]//IEEE International Con-
ference on Robotics and Automation. Piscataway, USA. IEEE, 2017. 4471 -4478.

[12] Riinz M, Buffier M, Agapito L. MaskFusion; Real-time recognition, tracking and reconstruction of multiple moving objects
[ C]//1EEE International Symposium on Mixed and Augmented Reality. Piscataway, USA: IEEE, 2018 10 —20.

[13] Zhong F, Wang S, Zhang Z, et al. Detect-SLAM: Making object detection and SLAM mutually beneficial [ C]//2018 TEEE
Winter Conference on Applications of Computer Vision. Piscataway, USA. IEEE, 2018 1001 - 1010.

[14] Henein M, Zhang J, Mahony R, et al. Dynamic SLAM; The need for speed[ C]//2020 IEEE International Conference on Ro-
botics and Automation. Piscataway, USA. IEEE, 2020. 2123 -2129.

[15] Yu C, LiuZ, Liu X J, et al. DS-SLAM; Asemantic visual SLAM towards dynamic environments| C]//2018 IEEE/RS]J Interna-
tional Conference on Intelligent Robots and Systems. Piscataway, USA:. IEEE, 2018 . 1168 - 1174.

[16] Scona R, Jaimez M, Petillot Y R, et al. StaticFusion:; Background reconstruction for dense RGB-D SLAM in dynamic environ-
ments[ C]//2018 IEEE International Conference on Robotics and Automation. Piscataway, USA: IEEE, 2018 . 3849 —3856.

[17] Rebecq H, Horstschaefer T, Gallego G, et al. EVO: Ageometric approach to event-based 6-DOF parallel tracking and mapping
in real time[ J ]. IEEE Robotics & Automation Letters, 2017, 2(2) : 593 —600.

[18] Strecke M, Stuckler J. EM-fusion; Dynamic object-level SLAM with probabilistic data association| C]//2019 IEEE/CVF Inter-
national Conference on Computer Vision. Piscataway, USA. IEEE, 2019, 5864 —5873.

[19] Kim D H, Kim J H. Effective background model-based RGB-D dense visual odometry in a dynamic environment[ J]. IEEE
Transactions on Robotics, 2016, 32(6) : 1565 —1573.

[20] Kim J H, Kim D. Cooperative range-only SLAM based on sum of gaussian filter in dynamic environments[ C]//2019 IEEE/RS]
International Conference on Intelligent Robots and Systems. Piscataway, USA. IEEE, 2019, 2139 —-2144.

[21] Zhang T, Zhang H, Nakamura Y, et al. FlowFusion; Dynamic dense RGB-D SLAM based on optical flow[ C]//2020 IEEE In-
ternational Conference on Robotics and Automation. Piscataway, USA: IEEE, 2020, 7322 -7328.

[22] Palazzolo E, Behley J, Lottes P, et al. Refusion: 3D reconstruction in dynamic environments for RGB-D cameras exploiting re-
siduals[ C]//2019 IEEE/RS]J International Conference on Intelligent Robots and Systems. Piscataway, USA. IEEE, 2019

7855 —-7862.
[23] BRWT, #5722, S5Hafk. 2T Matlab Camera Calibrator FUERAZHLAR B ELIFFE [ ]. WK g R4 5 5 49, 2015(16) .
8182, 92.

Chen X, Xie Z H, Zong Y T. Camera calibration method based on Matlab camera calibrator[ J]. Programming Skills & Mainte-
nance, 2015(16) ; 81 —82, 92.

[24] Palmero C, Clapés A, Bahnsen C, et al. Multi-modal RGB-depth-thermal human body segmentation[ J]. International Journal
of Computer Vision, 2016, 118(2) : 217 —239.

[25] Rublee E, Rabaud V, Konolige K, et al. ORB: An efficient alternative to SIFT or SURF[ C |//IEEE International Conference
on Computer Vision. Piscataway, USA. IEEE, 2011, 2564 —2571.

[26] 28 &, RGHK, S48, F SRS PR ERATELT]. THREPLTR S, 2016, 52(20) : 188 - 192.
Li PF, Wu HE, Jing ] F, et al. Noise classification denoising algorithm for point cloud model[ J]. Computer Engineering and
Applications, 2016, 52(20) : 188 —192.

(#5661 31)



6 1] E, 45 TR 5 22RO EEHLL A KT HLBET B R TR 7 661

[19] sk, 200K, Hid, % KT MBS A REH R A Jrk(J]. Pt A, 2019, 41(3) : 334 -342.

Zhang X L, Li B, Chang J, et al. A reinforcement learning method for gliding control of underwater gliding snake-like robot[ J ].
Robot, 2019, 41(3) : 334 -342.

[20] Ignacio C, Mariano D P, Corina B, et al. A reinforcement learning control approach for underwater manipulation under position
and torque constraints[ C]//Global Oceans 2020. Piscataway, USA . IEEE, 2020, 1 -7.

[21] Tobin J, Fong R, Ray A, et al. Domain randomization for transferring deep neural networks from simulation to the real world
[ C]// 2017 TEEE/RS] International Conference on Intelligent Robots and Systems. Piscataway, USA: IEEE, 2017 23 -30.

[22] Peng X B, Andrychowicz M, Zaremba W, et al. Sim-to-real transfer of Robotic Control with dynamics randomization[ C]//2018
IEEE International Conference on Robotics and Automation. Piscataway, USA. IEEE, 2018. 3803 —3810.

[23] Chebotar Y, Handa A, Makoviychuk V, et al. Closing the sim-to-real loop: Adapting simulation randomization with real world
experience[ C]//2019 International Conference on Robotics and Automation. Piscataway, USA: IEEE, 2019 8973 -8979.

[24] Mehta B, Diaz M, Golemo F, et al. Active domain randomization[ C]//3rd Annual Conference on Robot Learning. Osaka, Ja-
pan; PMLR, 2019. 1162 - 1176.

[25] Zhang Q F, Zhang Y X, Huo L Q, et al. Design and pressure experiments of a deep-sea hydraulic manipulator system[ C]//
2014 International Conference on Intelligent Robotics and Applications. Belin Germany: Springer, 2014 117 —128.

[26] Sutton R S, Barto A G. Reinforcement learning: An introduction[ M]. Cambridge, USA; MIT Press, 1998.

[27] Schulman J, Wolski F, Dhariwal P, et al. Proximal policy optimization algorithms[ DB/OL]. (2017 —-08 —28)[2021 - 11 -
01 ] https ://arxiv. org/abs/1707. 06347. pdf.

[28] Morison J R, Johnson J W, Schaaf S A. The force exerted by surface waves on piles[ J]. Journal of Petroleum Technology,
1950, 2(5) : 149 - 154.

[29] Todorov E, Erez T, Tassa Y. MuJoCo; A physics engine for model-based control[ C]//2012 IEEE/RS]J International Conference
on Intelligent Robots and Systems. Piscataway, USA. IEEE, 2012, 5026 —5033.

[30] Wang C, Zhang Q F, Zhang Q C, et al. Construction and research of an underwater autonomous dual manipulator platform
[ C]// 2018 OCEANS-MTS/IEEE Kobe Techno-Oceans. Piscataway, USA: IEEE, 2018; 1 - 5.

[31] Kingma D P, Ba J, Bengio Y, et al. Adam; A method for stochastic optimization[ C]//3rd International Conference on Learning
Representations. Berlin, Germany: Springer, 2015.

[32] Koenig N, Howard A.. Design and use paradigms for Gazebo, an open-source multi-robot simulator[ C]//2004 TEEE/RS]J Inter-
national Conference on Intelligent Robots and Systems. Piscataway, USA: IEEE, 2004 . 2149 -2154.

[33] Quigley M, Conley K, Gerkey B, et al. ROS; An open-source robot operating system [ C/OL]//ICRA Workshop on Open
Source Software. Piscataway, USA: IEEE, 2009 [2021 —08 — 01 ]. http://www.robotics. stanford. edu/ ~ ang/papers/icraossos-
ROS.pdf.

[34] Manhoes M M M, Scherer S A, Voss M, et al. UUV Simulator; A Gazebo-based package for underwater intervention and multi-
robot simulation[ C]//2016 OCEANS, Piscataway, USA; IEEE, 2016 1 -8.

[35] Garrido-Jurado S, Muifioz-Salinas R, Madrid-Cuevas F, et al. Automatic generation and detec-tion of highly reliable fiducial
markers under occlusion[ J]. Pattern Recognition, 2014, 47(6) ; 2280 —2292.

[36] Zhang Z, Wang C, Zhang Q, et al. Research on autonomous grasping control of underwater manipulator based on visual servo

[C]// 2019 Chinese Automation Congress. Discataway, USA: IEEE, 2019 2904 -2910.

({Eq ]y
FOB1991 ), 5, Wbk BRRCSUECK FALE A A B, S
T (1994 —), 5, Wibrk . BRIESUSO K T DL T4l
BRECE(1988 ), 93, W2k BRACOUSO K R R 4L

(4255 650 31)
(27] Zandy, 482046, BT PCL RS 2 IERADITE V], TR S S 28, 2020(13) « 237 -238.
Li R X, Zou ] W. Point cloud filtering algorithm based on PCL library[ J]. Satellite TV & IP Multimedia, 2020(13) ; 237 —238.
[28] Hornung A, Kai M W, Bennewitz M, et al. OctoMap: An efficient probabilistic 3D mapping framework based on octrees[ J].
Autonomous Robots, 2013, 34(3) . 189 —206.

(E I
IREAE(1979 ), B, L, Bz, SRRSO BENLE N, BEITHLER A, DMERLER A
KR (1997 - ), o, Witk BRIESUSORBLER LS, SLAM.,
B (1988 - ), 5, i, YR, BRRCSUSON BT LA, BLESTLAE, SLAM,



