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Abstract: To improve robot freezing and suboptimal performance of traditional navigation
methods in the presence of dynamic obstacles, a navigation method based on deep reinforcement
learning was proposed. The core of this method lies in its risk perception module and path
selection module. The risk perception module calculated the collision probability between the
robot and nearby dynamic obstacles in real time, allowing the robot to prioritize avoiding more
hazardous obstacles. Concurrently, the path selection module evaluated the “passing ability” of
the robot in surrounding areas in real time, guiding the robot to choose safer paths. In
comparison experiments with a deep reinforcement learning method that lacks these modules, the
proposed method achieved the highest navigation success rate in all simulation test environments,
with an improvement rate of up to 11%.
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freezing; risk perception; path selection

AR A N TR BEAIALAS ARR By Wre b LW ) s AR 1R a2 2, MBS 4
R R BhHLAR N O h #4517 45 Mk A AT Bk PR A S Bt 2 15 A% e 1 AR R B30 48
B2 B ER A3  ANAURT AR ACAR ) 55 8 3 58 i 45 2 n A*(A-Star) 5 ¥ Dijkstra Bk A T #4377 Y
Wz AL 55 B ERAT VEIR EBESE AT A A ¥ DWA (dynamic window approach) & %
HRSS I SR, BEE R SILEs AFORIUA &5 FE T X O A58 i A B A 40 1of 2 B S Ay

WFEEE: 2024-04-19
E&mMB: T4 HE AR H (2023020703-JH26/101).
EHEBN: % H(1982—), B LTI, AL R2#R 2% .



2 AR FFR(A RAFR)

% 46 %

) BRSO, (B ATyl i B S A AN ]
FAIUE | DRI X6 A2 2 A il B Bl S R At )
AP, 30k ) sl R SRS A AR AN R XA B
PRSNGSR T E R HRAR .

TE DA B S FREET , TG T
A b P B8 e B A5 R AT R0 LA 3 0 PR A
5. NRAT Ml Z B 2R R, 4
G4 A H MR AR AT | Xk — 201G
TR bl ANTE LS b i S OME R O ik
X RE ), AT AT A B AR R 1Y B A L)
Sk Rk AR TR ) Ak ] A
TRRE A v DR A 2 AT A 2 ) K BRI
BAAEAR T HLAR AR IR 5 P sk fg 0y, AT R
T H3E N AN Rl 3 5 s Ak ) R ilas ANFES
BRI 28 B2 S S AT R A m (il LR A% T 4T
MW 2% B AS I BLSE IR 1 2 AR T
1 FF & T W5 . Zhou %5l FH At 23 1 B 1 AL T
IS A TR AR SR L, 38 o 5 O A R A )
FTEL ], $2 1 —FP 2 ARy DS 72, AL 8%
N 5 B AR N HEAT O Everett %48 HH T —
o G 5 B B e ARSI R A T R R B B8, O
5] AT LSTM (long short-term memory) , fi 5. 72
RE A A PRAT B Y AR UL SR 45 2 Tai 5542
T —Fh T 58 Ak 2% 2 (deep reinforcement
learning, DRL) 1 iz sl #L & #% , I 7€ ffi | DDPG
(deep deterministic policy gradient ). 1 B {fi F 5+
R DR T RAERCR A% AR RS A BE >
AN A BERTY) scrh 8 A R S it 3k R
W& SR, AL N T R B 5 24 BRis 4 28 BT
FH T8 T A 471 S e A 40 e BB — (9% R S T
AN R ) 22 5, FEAE S 045kt B Sl A A B
o BUB AL A AR

AR SCRE Y — P TR B s Ak 2 1 i A
FH =430t d A I SN BR324 T 42 )=
AT e FSRE B [R5 ) A KU RIS H R A
TEPRA U Bkt 5 . 72 21 2l A8 540 ] i) A2 A
FIG LT L 255 75 R WA 40 1) E 2 Lk B D A AL
ar N A BT VA [F S S RS ) S5 PLaE AN Kk
A AR A SRR T 2B A A R R A v Y R
HEATBERRE MR AT R R AR AR R T AL AR A
B[R], B AR e BRI 1 5 | A AR LA A
HE % 1E £ 22 I1 kL (intersection over union, IOU ) #
INB DX IR A B AR TR 8 A, AT L A8 S
YR AR O LA T IS BRI B AR e 4
T Ao IS B A e Al AR DRSS, o IR A v 1Y

R A3 1 20 A UL 2 [, 28 i e AL e A A 0 o
PR BEIARAT N B 0 T S B e

|- B (E5 3 S

PRAR A FAIE RS S L N S DR AR
Z— BRI B A Sy A SR AR R R N Ry
TR AR S e A R B AR R A T
g4 SRy LT, TR B2 L A T A0 DL 4 Ry
AR MU S 45 A*53 3k Dijkstra 553555 JR i
AR R S0 3 AR T 4 ) B AR R S i A T
REC FEA IR, 38 B B SRR E R
SR A A R RE . R 0 JRy S A R B Sl B
A% [ (dynamic window approach, DWA) , i%
S EAA TR /N S e R RIS R A
bRl e NS S aNS  TWN RRP 03t
SR DWA A AUAEFS R A G h R R
U FURCR , GR35 0% ) o ) B — Lk
SIS, DWA B 45 5) Fa AR il IME T
TeEORE B AP i PERE .

A 2] MAC T b PR — i St 18, X
T MEAE e AR Z A — VIR L
FIAREE ACHEAS K 5 R L A BT A T A L AR
— AT AR X N AL il 22 Sl AT TE A R G
SRACHLAR AT AE w2 il , & sk 23 i 1] TP A T 2RI
A A RACHRARAS T 1] 2l , DU 25kt A i A I 2
S iR ) DU KA R G S B s

B s A A= > A4 LORERAS T 0F9E A 5
(T2 G A TR EE 2 ) i RS AL FIRE g A1
sk ) g T e ) 5 R 2T T IR AR PR
IR Ry 1 B A R RS Sl B A A5
) — BT

2 BhASRERE )AL S DRL S0

FEARTT T KA 28 T B Ak B 0 L AL
i N D5 R PR R & i B, it AR SCR A
ST URBESRAL 2 2T B 5 sl A B ) 1
BAERHA 2 > A LA AN B
2.1 R

FEBHIL A5 N 2l 2k 5 114 () 8] DL Ak R
3 AU Y 7K AT R ok 3R i #2 (POMDP). %
POMDP & X N (S,4,T,R,0,0,y) 7t , Hrh.s
PR N RPRAS 23 (8], 2 LT B il BERY R Getk
BSWES ;A WP N BIEZS 0], 8 LT IR &



% 12 #1 2 BE AR TREBILFETGREF ARSI E% 3
KB A " BESIERI G s TN R B R  iR B 25 P A5 ilf 43 A% %2 (collision probability , CP) [

TG E —DIREAIT SISO T, RGUR R
B AW RS B 53 A0 5 RIEWLAF N SR 2 J5)
PR, E LT HERGEA RS N AT A A7 3
ARAT 0 RV 2 Jly 5 QAL B 23 8], 2 ST
JITA AT RETULIN 25 3R 5 OS2 AL g A VLI ok 45, 4
BTG E — DRSS E LT, RGN
FIRFE LR AR 5 ye(0, 1) R AL R A7
FPR -, AU >4 2 il R A R 2 il
5,58, | <d,. BAR2I5;
min(OL_!) >d,, WiTEZ (1)
argmin| ¢| s, 7 |, BF I 2455
Hrb:SOoMALES ARIALE 5 S, BARf & 5d, W H
b X BRSO I HLas N5 B i) 2 [a] R 5 1Y
WL AE 5 o, S Bl N R B 0 ) 110 22 4 DX el o
155 ABLER AU HDRAS s LSS N HOAT 300 .
SVE AR R AE AN K A W4 ) 175 00 [l AL A% A 2
ik HAR SR I TR AT g
2.2 DRL %544
FR LU Y R0 £ 2 AL G & 1 RN 1R 2 Fi s L

s RN R T A 4RO s R T A
HRBE A {5 BRI i) SE 4 AR, IR — 2 R T
_ N %lﬁq;ﬁ
ﬁ&ﬁ%ﬁ%ﬁﬁﬂﬂ]

CP=0.35
CP=0.62

CP=0.55

O, H¥IGH
= 1
Fig. 1

T T (2D) WOEH I EOR P A RE
DX 73 Bl A RS BEAT Y , I 52 IR 3 25 BReh ) 4
BRER B SG, AR R HOE T R R A B A R G A
Xt AL NI TT 1), 45 G LS N B B A7 18], K
B -0 P A A A 7 AR S (O ) e 15 R 2

‘ HTG'—?DTG

THEALHEY A, B e A E T TD3 (twin
delayed deep deterministic ) 5 I A6 5 M 45 2844 , %

HRG T S BRI R0 R DL N B A R
U0y e 2052 2T 5 R S OU N #33 [R) e 5 T TD3 1
LRAF 22 2T AT LA 55 B T A AR AR, DA
SO AR Ry AR R R R AR 4 SR S T 38
P BOE Hbr A THEALES A5 B AR S E A X
FE B RN T ] B ARSI B b s ) H AR
(heading to goal, HTG) Fl1 %] H 47 i I £ (distance
to goal, DTG) ] T- &AL AL &% A5 H AR B9 7 & OC
F v N HLE NHTRTHE DT [ RS Sh U, o Bl
NG H B Te e 0 f sk B, — 38 kRl o HLAs Y
iz ZRAS . RO IR AR LI 23 (] rh P R AR
B EE SISO Buna a =R Ik Y N NG =4
Wy 22 1] P il 428 MR 3 e e oy S e ] L
2.3 R REAMELR

FETHD K& S A B A P ), L A7 [ o) sk

F¥ P A W i 4 T I Pk AR PR, AR SR A
B BB SOLES AR R0 Tk, ROEAS
[Fi) s A5 42 P XL 2 B 3 ot L CPAELIR R /N, L
i N B A AT RN S BB A 1) XU 7K ST, I A
AT, AR S 2 TR R S AUSCR

WLIU 2 6]

0, v
—| || Mz |—
1
e

!
é@ﬁb@@z&

Gazebofi &

K R W 25 8] 5 O A S B A4 CP{EDULIN 25 (8] 5 O,y H Ao W 25 (8]
ARG EME
System structure diagram

bR % B , FIF Kuhn—Munkres 53505 5 46 /5 (1)
FERF AR bR A BRI N4, S HLES A a] o £
) SR HEATVCAC . S — 25 3l 2 AH A Y 2 MR T ik
%%Ji TR RS B TR R 0 B DA A

I (5 RE Sl LA A ) . RS (R B R



4 RAKFFHR(AEAHFIR)

% 46 %

O I, 5 DAyt B o A [ S Y ) B -0 23 ) A
Ak T R P A A R A RS A T R A R

) BRER AR e, T A S A AR
Eblas N B RE AR

-

BAnP4

ONEIRO

JRE R4
Oatin Ol
3
NG
N\
-

i |

PRHTPILE

PRI

O A EHHE PR AL, K O1H; 0’ 9 H bR O fH; 01, 02 PN I 4% it ¥y 24~ O
E2 TD3M%&ZeH
Fig.2 TDS3 network architecture

AN [) B0 40 ) A B A AN S B T
W)z (B R B OG0 5 B AT =2 8] B AE X 2 %%
YA PR, AR SCRE SR Rl ARE 26 1 750 7044
T« F T ] g e M SR L S S 1 AR ARE
T A XT3 R A T A AL B #5380 R Rl TR AR

CP=aP + (1-a)P, )
Hirp ae(0, 1) /2 3 F i [a] 19 Alf 38 A0 2% 0 3 1
5 BRI FRE A R A T AN, AR AR SO T, o U
0.5 PRy BT R B9 Rlf 18 AR 5 P, oA 3k T S
) lf AR

FEF B[] B RIEFREARE R an 1] 3 BT ZEAL g A
o i 4 BRF S0 ) 4 S A 65 DX 38, 4300 S o A . A A
AR ARAR S K ATL A N BRI ) £ 6 DX 3 i 1) R A
Y &, BEBTAILES BT TCAG RS DX 3, 1 R it ) o6 AT
B GRS X I8 8 Ky . ARG 22 B AL
ANFEGS R v, BOHLAR N L v, D 2 PR A4y 1
v, HLES N B B 6 X ek i e JE R S S
B U AE R SR ST R A REFREARE %, e M 1.

B3 E-FatEpaiEgE
Fig. 3 Time-based collision probability

3 AN v 1) B ZE K 2R S R R AT 52
S W) 2 R 48 A B B AT AL NS R A
g A Rl B B ] L0.15 s 2 HLAS AN BEAS s 1R Br
FRERETE] , B, A SR 38 9 ¢ /T 0.15 s, LR A
W 5 R RS W) & A AR A0SR Y 1Y 5 ) S B AR
TeAZ 8, W d R Teg5 K, PR 0. Nk (3) fiw

Pt:min{l,o'tls},

3)

t=—.
v

FLT R B AR LR AN IR 4 B, e S BLAR A
5 B 2 6] (S . AEAILA BR3P A
DI, 53001 1 Py WER B AR S AL A AR
B R T 1 WA BR800 ISR B /N T
Fins WA R Bl 48 AE 381 1 7E 1, 5 7 ZTRDIY X
S, R UL AR T B R R

B4 ETFEEEARERE

Fig. 4 Distance-based collision probability



%12 4

£ BE A TRERNKFE T HREF AR TR % 5

Py= Tl @

Viax — 1

max min

Xof [ 5400 910 2 v ) A 40 1)l 9 AR R
HEFTIFARD, 0 Rl 45 MO 30 A 1 114 I e ) o7
JEVE R O, i AWLEE 25 (], 3 1 %1% s i 4 1 4 7
Giysgiid 8
2.4 BRIZEFEELR

FE RN 24> S S BRI B, AU TD3 19 2%
PEAT L, AL N AR ME LA S5 e 1 3 224 1) ¢
17, B BEAFEIX I, AR SCBET T A% 1k A5
B, 5 B ML A TE R X 2 A s 2 B A i A o
R ) AR

PRI B A =22 [0] 1) 245 TRD K, B A8 11 T 3 ot
PEME R BRIL, ASCBETT T AR e A a3
SRR B A4 22 18] 1) 28 5 LR EAG B AT 2 [H i
A3

SO
TS5, +S,-S, ©)
A IR IR S S BERR 1 fE R X5 S,k
REfd ) 2 I fa B X355 S, R S, 5 S, 238 4 il i 1
(B R A 12t 2 A B 40 =22 (1) 58 B8 1 KN LTSN
FEIR 2 A BERFA) 22 18] (14 [ B b, 32 DX 35 174 ] 3
FuR 3/

WNEL S Fir 7, 6 B A4 ) Bl 40 e e s DX 35 A
SIS s =22 1] ) f I X 3 A7 A — S8 A SC 4

1

E5 XL

Fig.5 Intersection over union

2.5 IR

JSBTERLAS N AT Sh M , A SR T4
ERIES

S NELIP R IR C YNk YN 78 A
1olf: 428 1t 0 Tk B AR A DR ZE AL &8 A 25
o R rp, X ALER N [FAT 9 B T A A A
Jil . 2 IR HLas AT g e & 2 W sl 3 %
Jah B s (4 7 ) b 2l BR AR

R=R ., + Ryg+ Ry + Roion + Ryour + Retision-  (6)
AR =2, Kbl N — L 4a T — DRy

il X FE O] LA (EALES A Ch T 3R R, TR, 1T
i 1l 5 Bl B 7E AR R B 4R 3 L JC vk Bk H AR
A5 5 R IRt AT DSl AL e SO A, DA B R
HF k5 H bR
Ry 1, d(m,g)fd(m,g)til; o
0, HAt.
Horbr: ThR e 7R HET 2, -1 2R b —mf %1 5
m ARG A B A0 8 g Ros B sd(m, g)
FoRLEE AN B H bR SRS s R, RoR— 13
VETTE PLas A SE B H AR SR EE RS, W 2R 470N, 5t
G Plds N— IR, 5 WA 25 T HLas A%
Jil .8 AL T s R LS PL AR AR RS
H A sl Z [ B P e
1, H(m,g)r< H(m,g)t_l;
" %0, Fofth.
Horr, Ry B — A SRR S HLas AR ) AL gs
N TA) A5 s Z M) B9 07 1) e £ A 2R 4 /0, gl 2 AL
ar N— D IERR Rl 5 WA 25 T AL as A% . i
AZ RN TCE , PT AL N4kl H bR sz
] AR [ £, S35 B A 1) i
5, Hirk; 9
1, HoAtb.
H R o BRI NPAT B SR I 3RS 1
il ALE A SRS )40 35 WS S8 2l i v il
A 0. ML v>0 H A 3UE 0=0 B, H5E HL
A NN EAT ;2 v>0 H A E 0>0 I, HEPLER A
R 32 v>0, 1R w<0 I, HE HLEE A8 A
B X v=0 I, FE sk A L A 6] Y 5l
VeV 22 ARl - AR WL N AT, 4 T —
AR s i AR e A 7 — BV
K R ZAE R, AT LSl N AT,
TE—E R E AN PLES AES 4.
R, AAILES N EIIA H AR S I 45T 1922 il

®)

action

R osion MV N R A R B 25 7 AR R, =+200
LA ALK FRR G A T 0K TE 52 5
%E/:—Eﬁjfjri ’ IJ_IIJ é{ﬁ\% Rcollision:_zoo E@f&g'ﬁj .

3% I

3.1 XWiFE

£ Gazebo {jj B HEA T 525 BIE , S50 IR
C i o RELS: R/

$/E 2% : Ubuntu MATE20.04; CPU : Intel(R)
Core (TM) i7-9700 CPU @ 3.00 GHz; GPU:



6 ALK FFHRA RAFR)

% 46 %

Intel (R) UHD Graphics 630; Python Jiit 4 : 3.8;
Torch Jil® 4% : 1.10.14cull.l; Torchvision I 4% :
0.11.2++cull.l.

Actor M 2% F1 Critic [ 2% (127 > R B E N
0.001. Y| Z7E— 5K NVIDIA GeForce GTX 1050 {2
BT

A SCAE Gazebo ff HF- 15 H s 4 50 90 P4 55
ITREIINZE RS E i 6 s BT H
PRSI S SR TS AN H ESMS
i [ D) B A TR A A ) 5 2 L T BB
FROR e LU S, AR A 5 SR FH W gk =X U1 0K
W . B S AE & 6a [T 7 1 TG BE g A B v E AT
Sk AHHLES N AR L SRR T s R R ISR
WA R BT H S BRSP4 (18] 6b) | i
TR e N SR e A5 W 3 00 1) B ) 5 e A [
6¢ JIT 7 1) Bl 2 A ) A 05 rh A 7 1 5 (g i
S AR ) |, Bl a8 AR 2 A&
R 1Y) RE

E6 EXNZEHE
Fig. 6 Algorithm training environment

(a)—JCRERH) 5 (b)—A SRR ; (o) —A SR .

R T B 1k B AT LA AR 2 I ) ]
TR, BRI AR Z R4 1000
USSR . 438 B B FOR AR B L2 A & A il
EE e By Z S I R A YN S SRR TIPI R e DAl o F
PIYIZREEIR .

3.2 &Hitil%

RO BIHE TR IR EE A B S AT 3
B2 LA AT ShAS BRI 58 th ot AT N 25 . AE T i
YIRS Bk 40 350 3R Ik Je s i e sk, an
B 7 i . ATCBE R A S B3 o S
TEA WS A e N AT I 4, Bk &ad
450 e R I il sl , an &l 8 B . LA A B
TR AEE T SR BT g S, 76 5 A sl R fg
YR IRES TR, 485 300 58 I 2 LI 8,
g 9 firs .

0 50 100 150 200 250 300 350
PlE =7
E7 ZESHilZLE
Fig. 7 Obstacle-free training process

150
50

B

K 50t

-150 [

-250

100 200 300 400 500
Vgt

8 FHEHSEBRWIIEERE
Fig. 8 Training process with static obstacles

250 |
100 | ‘ ' '

B

X -100
-250

=350

100 200 300 400 500
U
B9 AEEFWIIZGLE
Fig. 9 Training process with dynamic obstacles

3.3 HEWIE

T BRI R Sh A ke B AR ), AR SCORAE
IRIREE I Gl R R P 3 B KV LAY 3 B
o IR T B AR RS 4,6, 8, 144 B
P PERE R I MK PR G ] 10 FFroR B X g A
I MK T LA AN AE R (0.3 m/s) ATy
(1.5 m/s )RS 10 3kt B4R . 76 AN BRBE v 43 31
HEAT 100 I, IFRF AR SCERE 5 2R A XS Jek
HUBEHR Y TD3 J3k (s 53 ) A 7%t bh I A ey
BRI AZE R 11~K] 16 Fs .



s [ ’_’fLi
SESIRE AR

E10 sha&ESHNiRE
Fig. 10 Testing environment with dynamic obstacles
(a) =B ASRRFYIECH 45 (b)—Bh S RERIECN 65
(o) —Bh SRR ECH 85 (d)—Bh SRR ECH 14,

-
RS = -
1

6 8 14
BRI
B 11 REIAGE T HRIA B 3 b
Fig. 11 Average time to arrival comparison in
low-speed environments

o] i
ol o AL
"5t N \
| N
10 % \

R YIA

E12 {REIFE TREEZEI L
Fig. 12 Collision rate comparison in low-speed
environments

sJREE

100 | SAICE B

W R %
& 3 3

N
(=
T

_
_

O
_____

O

(=]

N

4 1

6 8
SHASEIRIE
E13 REINE TREFER ThEERT b
Fig. 13 Obstacle avoidance success rate comparison
in low-speed environments

R
A

(o]
W

[
S
T

S HJHRIR B [/
5 &

.

4

_

\

-

-
.

S W
T

6 8 14
HAEERYE

E14 SHEMETEHRERET L
Fig. 14 Average time to arrival comparison in
high-speed environments

REL
255 ALk

S
.| "
g15 Q

-
_

__

4 6 8
LI A TR

E15 SEE TAlERITLE
Fig. 15 Average collision rate comparison in
high-speed environments

JRED:
100 - . SRR

_
...

L

e

N

4 6 8
EIEN YL/

E16 SEIE TEERIIZE
Fig. 16 Obstacle avoidance success rate comparison
in high-speed environments

B 11~ 16 7] UL, 75 8l 2 B i 4 e /0 (1) 1
LT A SCHT 4 0 Y 8 O R J B o k2 A 3
SR, Bt 25 20 25 B i ) B0 36 hn B350 09 10 B P
B A, AR AR (0.3 m/s) S5 R , TX 8
DB ARBERF Y, A SCE L AR B T
9% 7F 14 SIS BRI Y PR h 32 THA 3 T i
T 11%. BV 7E 3 (1.5 m/s) S E T, kb s i o %
e RAETHEIRE] T 9%.



8 AR FFIHR(A RAF M)

% 46 %

4 & Ik

1) Jgfip P S 28 ARERREL T RS shblde N
FUL TR , AR SCHE T — A XU A 5 g A i
FERY TR L AL > ST I

2) ARSCHE T b AU AR B A O vk L 18
Bl N RETE RS sl aod e vh S I 5 DA B 2T e 1
W B0 FE B R FEE R AL N ) sl B A 3 A A BRI

M RESRTE 1%, 75 R T i s iR Tt 9%.

3) P T T2 2 S AR R PL AR %
FEREPETTI5  FHLE N REAE S 2% B S PR PR
PR 22 A i AR A, K RE B i 3R 558 AL
or NARIBZE KU F- E I [E] AR S s, (7 LSRR 45
W], A ST REA BOICE DL AL R 23353
I35 T sl RO AN E M AR IR 2 o5 1Y 0] 8, -
ARGz AL RE

SE MK

(1] 'LEJ“ R, BRI, VBRI, S5 . TRRFIE R B R EE T AL
SEARE SLAM I ik [ ] iz 2440, 2021, 42(1) 1 524169.
(Xle Hong-le, Chen Wei-dong, Fan Ya-xian, et al. Visual-
inertial SLAM in featureless environments on lunar surface
[J]. Acta Aeronautica et Astronautica Sinica, 2021, 42
(1): 524169.)

[2] Xing ZW, Zhu X R, Dong D C. DE-SLAM: SLAM for
highly dynamic environment[J]. Journal of Field Robotics,
2022, 39(5): 528-542.

[3] ZhouZQ, Zhu P M, Zeng Z W, et al. Robot navigation in
a crowd by integrating deep reinforcement learning and
online planning [J]. Applied Intelligence, 2022, 52 (13) :
15600-15616.

[ 4] Everett M, Chen Y F, How J P. Motion planning among
dynamic, decision-making agents with deep reinforcement
learning [ C]//2018 IEEE/RSJ International Conference on
Intelligent Robots and Systems (IROS). Madrid, 2019:
3052-3059.

[5] Tai L, Paolo G, Liu
reinforcement learning:

M. Virtual-to-real  deep
continuous control of mobile
[C1//2017 IEEE/RSJ
Robots and

robots for mapless navigation
International Conference on Intelligent
Systems (IROS). Vancouver, 2017: 31-36.
[6] FheEse, SR, JRHE 7%, S5 17 6] R R i il 42 64 38

J6 A SLAM 7 i [T, W 4 2241, 2021, 50(11) :

[7]

[8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

1585-1593.

(Sun Xi-liang, Guan Hong-can, Su Yan-jun, et al. A
tightly coupled SLAM method for precise urban mapping
[J]. Acta Geodaetica et Cartographica Sinica, 2021, 50
(11):1585-1593.)

Tian Y, Chen H W, Wang F S, et al. Overview of SLAM
algorithms for mobile robots[J]. Computer Science, 2021,
48(9):223-234.

ST, R, THE, A5 SR T MIRAEYLA RGBD AHAL
i 544 B IR SLAMLJ . ﬁn;;&%&, 2023, 44(10): 327621.
(Zhang Yu-tong, Song Jian-mei, Ding Yan, et al
Heterogeneous collaborative SLAM based on fisheye and
RGBD cameras [J]|. Acta Aeronautica et Astronautica

Sinica, 2023, 44(10): 327621.)

Fgsz, YU, AR . SAAHE A B H P SLAM &
B [T] /NI NL R SE, 2022, 43(6): 1191-1196.

(Tao Jiao, Fan Xin-yue, Zhou Fei. Point-line feature fusion
in stereo visual SLAM algorithm [J]. Journal of Chinese
Computer Systems, 2022, 43(6): 1191-1196.)

Chen W Q, Wang Y, Chen HY, et al. EIL-SLAM: depth-
enhanced edge-based infrared-LiDAR SLAM [J]. Journal
of Field Robotics, 2022, 39(2): 117-130.

Fbk, XU, 20, 45 . T IS S S AY ik ORB-
SLAM B3k [J]. # IR 2244 (22 R0 L 2023, 57(1)
170-177.

(Jiang Lin, Liu Lin-rui, Zhou An-na, et al. Improved
ORB-SLAM algorithm based on motion prediction [J].
Journal of Zhejiang University (Engineering Science) ,

2023, 57(1): 170-177.)
Zropdl, AR, R, A5 T ) AR IR BE Y B A RO
SLAM J7#:[T]. LIAb 50T AR, 2023, 52(9): 135-144.

(Li Rong-hua, Qi Yu-feng, Xie Hui, et al. Tightly coupled
LiDAR SLAM method for unknown environment [J].
Infrared and Laser Engineering, 2023, 52(9): 135-144.)
LiJ Q, Pei L, Zou D P, et al. Attention—-SLAM : a visual
monocular SLAM learning from human gaze [J]. IEEE
Sensors Journal,, 2021, 21(5): 6408-6420.

RG], Miomht, 2R, 45 BT LT —18 SUBRA 29T 3
BB IE SLAM Bk (1] Budfe R4 5 AR B, 2022, 37
(3): 597-608.

(Shen Ye-hu, Chen Jia-hao, Li Xing, et al. Dynamic visual
SLAM based on unified geometric-semantic constraints[J].
Journal of Data Acquisition and Processing, 2022, 37(3):
597-608.)

XN, RVEZE, SRS, A4F . ERARAE A8 N RS
SLAM Sk [J]. /NEL G B3 ST AL R 48, 2023, 44(5) -
1015-1022.
(Liu Shao-zhe,
line feature adaptive fusion indoor SLAM algorithm [J].
Journal of Chinese Computer Systems, 2023, 44 (5) .
1015-1022.)

Liu Zuo-jun, Hu Chao-fang, et al. Point-



