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Navigation method for mobile robot based on hierarchical deep
reinforcement learning

WANG Tong, LI Ao, SONG Hai-luo, LIU Wei, WANG Ming-hui
(School of Information Science and Technology, University of Science and Technology of China, Hefei 230027, China)

Abstract: In order to solve the problem that existing hierarchical navigation methods based on deep reinforcement
learning (DRL) perform poorly in complex environments including the structures like long corridors and dead corners, we
propose a navigation method for mobile robots based on option-based hierarchical deep reinforcement learning (HDRL).
The framework of the proposed method consists of two level control models: a low level model is to obtain policies
for avoiding obstacles and reaching the goal respectively, and a high-level behavior selection model is for automatically
learning stable and reliable behavior selection policy, which does not rely on manually designed control rules. In addition,
a training method for optimizing the obstacle avoidance control model is proposed, which makes the learned obstacle
avoidance policy more suitable for the navigation task in complex environments. In comparison with existing DRL-based
navigation methods, the proposed method achieves the highest navigation success rate in all simulated test environments
used in this paper and shows better overall performance on other metrics, which demonstrates the proposed method can
effectively solve the problem of poor navigation performance in complex environments and has strong generalization
ability. Moreover, experiments in real-world environment also verify the potential application value of the proposed
method.

Keywords: deep reinforcement learning; hierarchical deep reinforcement learning; mobile robot; navigation; obstacle

avoidance; policy learning
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LS
HDRL 59.33 36.00 4.67 358.84+144.2
ours 63.00 36.33 0.67 359.94134.1

B R4, 8RR A BT 7 iR A S
a5 NAE 2 FhBE AR 45 1 Hh 3 B 35 0 b 56 13 AT 55,
539 3 B IR 35 3 RN B35 4 vh R AS [R) B8 A 45 4 447
R, AH R IR TR LG 5 R h WA ) K H bR A B 7 B
TN, S R SR FH 4R VA R R B A 2548 R 4 S D
300 [Bl &, 15 B A [F 5 b5 1) 5250 25 R WL 4 s, tHER
A0 L AR ST IELE TP AE A 25 46 3 A T e 1Y)
SR 2R, [R] I AR bR AR X By, i —
SR T BTt VAR B 2R PR B R A R

M L
ik

(a) Mk1 (b) K2
E7 #HXAREREAEHESHME

F4 TREEAEHTHSAMRER

WK WK IR R ENER B

1% WiRis (%) (%) (%) (mean=std)
D3QN 32.33 36.33 31.34 296.54+42.6
DAAC 46.33 52.67 1.00 291.94+41.0

M1
HDRL 75.67 23.67 0.66 263.4432.7
ours 79.00 20.67 0.33 255.1429.9
D3QN 25.00 5.33 69.67 319.04+52.4
DAAC 39.67 47.33 13.00 315.5446.2

M2
HDRL 62.00 36.67 1.33 298.5+45.9
ours 68.67 30.33 1.00 287.34+38.9

222 WAL FHIRCR

NE— 20 R IAT v i PRSI (1A 250, 3 B
8 AR AN AR 253 59l R FHE 3 4 Ff 7 2 a8k A7 0
W, AP AL, MRS, i 5
R ¥ B RS BRSO B 1A R A At e dE H
P s A AR, T B 8(a) BT/, #% B AL 38 A 404 5 1) 2 B
] b, H bR AL T I B B b7 B 3 0 [ S 4,
K F D3QN J7 723047 S it (1 sh WL 88 AEBIE B Ax
PN 5 R A R A fif . SR FH 43 2 4% 1] 1) DAAC J5 1%
(1% shEZE W 8(b) B, Hlas N & Jeif1a) H b5 s A%
B, 318 B G 5 ) A7 (A B 1 ey ). 3L
Jii R 32 BEAE T DAAC 77 V5 1) 15 J2 SR W 52 N R 5%
M) 5 K, AT 8 N8 15 R R P 7 3 6% 1) SR S, B S5 TE AL
B2 @R R B B AR SR NE AT R Th 2k H bR
A5 2K FH HDRL J5 ¥ R0 AR ST 7 15 1) 5 M &5 31 4 il
8(c) R 8(d) Fi7r, B bl s A ¥ ] i 2h 3% B x
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(a) D3QNNERIMAIRAE 1 (b) DAAC IEMIMARZE T 1 (¢) HDRL JFIEMIMNASE 1 (d) A7 ERMRLE H1

@ @

N

© ©)

_|

v

(e) D3QN HVEMIMNRLE 2 (f) DAAC VLIRSS 2 (g) HDRL HiERIMHERSE 2 (h) A VAR 45 52
B8 RAARFENSMERRER

R F AR SO R Sh R AR B s LS A
1 el kB H AR AT A EA R H AR SR 2, E 1M
T X 3505 Ay e e 2 80 3R B (5 1T, B I AR A B
“37 i PRSI B OERE B AR AT A, S AR 2
i B AR A

1EE 8(e) BTt 55 — WA, B S AL 38 A W46
R AR, HAR s A TSR 107, R A D3QN
J7FHAT S IR A% )N e R, S R B LA A
ToigE U X 35, AL 1) A H L E DAAC J57%: 1)
TS A (B 8(f)). AHELT HDRL 77 7% (B 8(g2)), K
ARSI LR S BRI SHAEAT ik
AE R, HLEs ANTE S WA 26 B B AR S ik 4% H Ar Bz
AT, A B AR A 5h. 1B BIFERS G HLes Nk 3%
TE B AT Sy DA S B 15, - o 452 098 56 00 [ AT O R Th
HH YT [X 355 (P 8 (h)). 3 e ek 79 LG 2 AT A 55 s 1 1
| NS &2 S| B S B I el s 10 o M Y W e |
TG w0, B AT N IR R AR R R 65 2 S R e
FIFERIAT IR PRSI 56 R R IR BE T 1K S AT
%

UM, AR S FE T 47 e A5 R 1) e 55 1] B o %o
SRR 43 E n BUE N 1. 5. 10 R0 15 PRl
LR AT VN G5, I ) B 4 88 s s, an 1 9 Fiom. 24
WA G = VI, H T 5 18] B 4 /N 5 B0k o e
M, B HL S AL B “47 RREA EE BBl N
TR MR R A TE PSR 11BN E R LT
(n = 5.n = 10), LA NI LR I 42 52 i T
SR AR I 23 S L P 9(b) AT 9(c) T . T 9(d)
TR S ES NEREN B “57 )5, TRl e
K(n = 15) KA S BT IERE B AR AT Ay, M4 i
BEN T 53— X35, B & S BURAE L E A5 B 5 1

SERUESS. R, ¥ B G RN B SRR A A T
XHRJEAT A HEAT & B R .
I I

EchEE
@ @)
(b) WkEFER=5

(a) RIEMAMEA=1

(c) YiEMmIEn=10 (d) PEEER=15
E9 REFERTSMAZM

223 HSLHFETHSFAELR

956 UE F i H 7 ¥ ) S B B B, AR SCAE
SEIREE T W5 ECER 55 A I 2 A A TR 3k A R, SR
Turtlebot 2 # ZhHL2F ANAE R SLEGXT G ML 28 A\ R
RPLIDAR 2D O A% B85, T 3 EHik TX2 it
PG, Spi T R s LA N A B e AR
TH I, H bR S5 R S LS N IR S AR Ak bR i it
ROS #1 ) AMCL Zhj 58 B 3K B, S50 2855 9 4 ] 10(a)
I 2 A 37 55, M SR B DAAC J7 72 1) S i 4h
WE100b) Fios. Bahplas A “A” R, fEHE “B”
Ny 5 i i A il A, (H B S R DI “ C 7 FF i A& BIlik
“D”. KHATNERIFESHLEE NN A” H AR AK IR
Rl “B” F“C”  FF A& RTh A “D” (B 10(c)),
X R B BTt 1 S 7 V2 e A LT B S FH T LSRR
BEF B ST S
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(b)) DAAC Kk

(c) AICT5ik
E MR TR SAUMNR

3 4 #

RN LT IR LA N A 0]
ASCHEH T —Fh 2 2] 4y )= 15 1] 5 BE 1 option-based
HDRL 5 1 77 2, F A8 2 AR TE T 1) & XT3 B
2 > R F 1) 831, K A 9% T option-based HDRL [ HE
B8 I3 Vv F T S I e JE ARG 2 SR A A, L
Hhkk R 5 H bR IR 45 HIAR A 4 S T S e R S H
BRI PR FIAT 9 SRS AT R BT 47 B2 5 ) =i )2 AT
NI PSR NE, JEERT ER PAAT AT I A S B
11555 2) 3 T FIRBAYHE 42, 782 U1l SR Bradt — 22 R H
PR AT I 22 50 HeHs B e s i ASE 28 AT A R
A 3EE e WG 7 0T LU Se B 25 SRR B, B Hh 7 vk T
A RURRIZ AL SRR AR A @, B R A
Uz AR RE 77 JEAL, BLSERREE T (- T M Y] P 56
E T TR H 7R R A R A

S AHE Hb P AT B AR RURI % G ST R AR L,
AT BICVERA R S A ) SRR AT, (H8E f, 7 X3
58 Hhy PR L R 2250 (1A, 3] IR HAT BRI 3 N
73, R AT 3&E T e B 1) = N U SS. SO
AT NIRRT I e SR AT R n R T 8 e (W &L 7R R
Rk TAE ek i i — 2 o AT e RS A LA N
ES AL B H 35 2 n B& BEUE. HLAh, 485
TE MR 2 IR EE AR ) S0 ) LN % R T A B
B O, WfeT 740 5 BhAS BRI 5E F  S) BAR &
L SR T AR 1) — AN BIF 9T B A
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