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An End-to-End Mapless Navigation Method Based on TS-TD3 in Dynamic Environment

JIANG Yang, ZENG Tiewen, WAN Dongdong, WU Chengdong
(School of Robotics Science and Engineering, Northeastern University, Shenyang 110169, China)

Abstract: Aiming at the problems of map-based mobile robot navigation framework deployed in dynamic complex en-
vironment, a mapless navigation method based on TS-TD3 (time series twin delayed deep deterministic policy gradient) is
proposed. Firstly, navigation tasks in dynamic scenarios (usually with partially observable environment) are defined as par-
tially observable Markov decision process (POMDP). Secondly, the historical information processed by the long short-term
memory components is introduced as the input of the model. The historical information baseline is introduced into the de-
terministic policy gradient of the actor network to process the state information hidden in the environmental observation set.
The critic criteria concerned with the temporal correlation of navigation actions is introduced into the critic network. Thirdly,
the expert experience network is used to guide the output of the actor network in the early stage of training to standardize the
navigation actions. Finally, the deep reinforcement learning (DRL) based end-to-end model of the actor-critic framework is
established, and the actions are controlled directly according to the sensor perception. Compared with the mainstream DRL
methods, the motion trajectory obtained by the proposed method is natural, stable and continuous in the simulation experi-
ment, the intersection of multiple dynamic obstacles can be dealed with, and the overall navigation performance is optimal.
In the test in real dynamic environment, the model is directly deployed in an unknown environment without adjustment, and
the navigation effect and generalization of the model are verified.
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SEPLR B Ak R NG — A T A, =0 18) fi#
FH B bR #E X 2% (target actor network) SKJE /NI A
KT 5 o, K by B R 0 22«

o +—ocw+(1-0)o (18)

H, o BESH, # o WEWEB/NWE, W
o = 0.005. X< IEKBEAYI SRR ], (HA BT
LSTM /4, MLz, EBMERS KK
SEAEE R
332 BIFIFNME

IF PR R0 48 16 BY D)W Q 2 STHEZE 101 (1 B itk
e, IS SO £ 5 R K Bl S R A 43 T U
MWk, G LSTM A FE )77 525 B by 3R
(19) AL FE 7 205 B 3 SR 190 4% 2R A0 -

hi = pi(Ls(hi|lwis)) (19)

X (20) B4 RTHATENE 0, (DIIANE XKLL M
200 HRTIRBII o, H N HERS T VR /R 2%«

o =ps3(p2(01)), a = pa(ar) (20)

Horb, WP IPOY P 28 i R ) LSTM W 25 Sk i 42
hi\ O~ Ay E/\}?ﬂ, ﬁuﬁ (21) Fﬁ/j—i'

q" =Ly (0s,a,,h|\wia) 21)

I Py V- 190 46 i x4 BT SAAT B0 4E o, IO
PN Qor Qo BLEN I SAE IS hy IR FP SR BRI I PF
s JEREH MR B A BTHATENE o VR, AR
PP PR R S AE ATt Qo B K RIS I 21 3 SR Y
I 7 RERIE DI N PR B, 15 5 SRS 194 28 F t 30
ENVERS B8 hy 0055 A 7 Rk

KH TD SLE R P M 28,
(22) HXEHT H im0 258 38 W 0,41 A1 H FR S0E KA
R g RAGTE T — I 2RI EOME, B
I/ MEAFE] TD HFRE y:

y:=n4—7gggQ@(@+hhhaD (22)
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BT I 2RI AT S, X RGO R 2, B
MBS HOAWTE R, XA 220 g R BRI
SRS A B R A 3C [10] X IR R B 2 HEAT
TAEW, RiEH

Qe(otvhival) —Es<a<ZYTt(rz_6z)) (23)

K, Qo M FFIEM M Z IS, 6 9 H IR 3T
PR ZE . 3C (101 UEMT T3 AT H BRI 2% AT LL3E i
RAZE (SR (18)),  H AR 45 38 il AR % 1 3=
L7 AL I R AR B A5 i 22 TC VA PR R A
HARRIZ6 b 5] NS 12 SIS DIRERT LSTM AL 2
h; ¥ saAl Hbr M2 B Dhae, 30 Q1) K2 id Hiab 2
hiyop,a, 5 NGE LSTM,  EAG FP DP9 268 i 56 3
1T a, KIVHT Qo 25 RS T WD AE I 7 SQ I,
A hy PR B AN ZE 1 5y, OB RAT
I 7 R BRI ACAZ A B

Q@ (Otyhiyat) =r+ ')/E (Q9(01+1)hi’a;>>_
8(0141,d) +q! (24)

2 21) B % A N 6 D SR B
g, A @4) B QD) TN P IEN 25 33— 25 ks
TP EH R ZE, X ] DABR AR N 5D TR 1R 2
TE— KBNS FE g R AN, H AR R4S [ AE IR B
Bk TR AR BERL. LSTM BT (21) B& s
5 h 5 o, FENAE a, FIMLSSE R, T HARYE
X (4), BEKR ¢ SUCENPIENE R Q0
PR/ T P B R w2, AT s 1
PR 25 T Qg

TS-TD3 SE ¥ FIE MR MFIE 1 Fis.

4 SEIGFNLER (Experiment and results)
4.1 ZWE

TEA RIS R B A st g AT 5c5e, DU
iE TS-TD3 %k, BRI 27E— & # 3 NVIDIA
GTX 3060 K. 32G WAFHITHRENL 4T, #RA1E
Z%i 4 Ubuntu 18.04LTS, K 1.10 R4 PyTorch
MR g 58, BRSO B R 1 R, ff
H Gazebo9 BB RIS HIAEL, Bablas Nit
MR ERIEHHBER, HREHEEN 0.5m/s, K
KAEEN 1rad/s, $5% 2D WOLTHEIL, HH6EH
N [—150°, 150°), HHEME A 10Hz, WE 45K
[0.2 m, 8 m].

%1 TS-TD3 &k

] MBS N AR o, I HAEE Ay

Mt HLE ABITEE o
1. HBEHLZ4L 0,,0,, 0 VIGHALINEE Q4 , sy, Tw
2 VIEHW BRI 0] + 61, 0, + 6, 0 +— ®
3. MR AIGZMIX B, WG HEMh X B,
4: for episode(¢) = 1 to M do
5: VIR ST 5 by

6. APRETT—5E by 2P REHIX B,
7: fort=1to T do
8: B BENLRAE 1A by = (01,a1,11,- - ,01,a5,1;)
9 I FE SN LG 1 a1, ~ (00, By + €
10: R 0, NERZLRMAIEINE a,
11: WEPATINE a, = 0y > Q7 ap 1 ag
12: PATINE a,, RGN s BRI 0,4
13: Tt (or,a0,11,0041) IR ZEMX B
14: EE I EER hi < hj,0:,a,,1;
15: B BEHLRAE N DMFEA (o, a0,11,0041)
16: a, < T (041,hi) + €
17: y = ri+ymin Qg (0,41, hiya)
18: SR P VA R4
6, = NT g;iniUEZ()’* Qgi(o,,h[,a,))z
19: E%ﬁﬁﬁ?%ﬁfﬂﬁﬁ%:
Vol (0) = o Zz[jvw In 70, V., (Qo — u(hi))
20, [P TEECr S

0'+—0060+(1-0)0, 0+ oo+ (l-0)
21: end for
22: end for

R BMESHWE
Tab.1 Model hyperparameter setting
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A% o 5x107°

FEB 5 ME 6 fT s (8 3 07 JA 58 pox Ts-
TD3 BALEAT INIZRAINR, 17 A I ZRIA 5T
AL, WA R AR N 11 mx 11 m,
M AR /& 21 mx21 m, PRSI
T NAESR N GR s SR E, AT AR E3)
Wil EALEE A, DRI —ARAERTIIZR, T
.
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Fig.7 Usage percentage of the expert experience network at different stages of training
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Fig.9 Model structure diagram in ablation experiment
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Tab.2  Setting of the model for ablation experiment
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Tab.3 Navigation test in training environment E
ITREERRS 4TRSS ATHEEEE ATBEEFE ATHEEF(E AT (A ﬁ%‘ﬁfl?ﬁ% ﬁg&?ﬂi L2 Heth %
FHME m KM /m RAME/m CTEME s fKME s fAME s ARdEE bR
PPO 16.52 26.74 14.04 93.39 100.93 66.20 6.43 15.13 69%
RDPG 15.34 18.88 12.25 79.14 90.48 69.22 3.42 9.57 77%
LRER 15.09 16.31 14.07 75.02 78.29 71.56 0.67 2.73 97%
TD3 15.79 21.60 12.83 96.40 104.38 73.45 4.67 14.28 74%
TD3-LSTM 14.62 17.38 11.26 76.76 100.87 66.16 3.67 10.23 82%
TS-TD3 14.21 17.34 13.59 72.20 85.57 65.98 1.24 8.54 90%
F 4 YIGIHEF SHMK
Tab.4 Navigation test in training environment F
TR ATHEER ATHES  ATROEN ATREET ATBEE ) ﬁfg‘g&?ﬁ%‘ ﬁg!iaﬁa‘ I e
SEHME /m R /m RAME/m FME s BRME s FME s ARdEE PriEZE

PPO 18.06 32.19 15.62 82.61 111.82 73.54 16.82 22.05 65%
RDPG 17.08 26.97 13.94 63.46 80.84 39.81 11.47 18.69 82%
LRER 16.25 18.23 11.45 55.04 62.26 46.61 2.13 461 96%
TD3 16.89 26.58 10.41 53.28 71.44 37.52 13.87 21.26 71%
TD3-LSTM 15.65 25.67 11.35 47.74 69.55 36.56 8.45 19.85 79%
TS-TD3 15.97 24.69 12.78 54.42 68.50 43.91 9.67 15.23 88%
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Fig.11 Testing environment E (left) and F (right)
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Fig.12 Test in the real environment
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Tab.5 Navigation test with real robots

ITHIERE  ATHUEERS ATRUEES

e = o 1 o 1 G X~ s i R
FYME /m RKRME/m BME/m CPHIME /s

TS-TD3 7.73 12.48 7.16 30.25
TD3 10.41 20.97 7.94 34.46

WK s wAME s bREE bRER
37.58 26.69 1.92 6.05 84%
40.84 32.81 6.47 8.39 66%
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