EEARET 2022 4F 4532 5 4510 #9.1049-1057

doi;10.3772/j. issn. 1002-0470.2022. 10. 006

ET DDPG =4 T AWLEREHX®

3] M 152

(T A8

x X

WEE® F
WERFAGIRER JiE 100124)

i % EAN(UAV) UEAB s ME IR ER G TR, 5 R T Z i RiE, JF#

B AN

BRTEEMRA TR, AXHRETELRIE Y, R REH TR MR E
(DDPG) LI T AMNFE AR, &5, BT ZFFZHA T ANES TR 5K HAT,
R BEENEER REZSEREERETAANEGEEH K EARA P EHEASLE, U
B T A TAT At 18 09 A B 5 R JE , R IR R Hh 2 M R R LRI R AL 2 4
CATHIE, IR B A R A B (QoS) | Bl B 8 IF [ A% | 5T B AT L P BHE 1
WEW, AdfrRRIERIRT RESSKRE T HANYE, B TAEFREE,

K] TAMN(UAV) s = 437 5% B AR AR IR L o8 2 ok S g 4 4 0% (DDPG) 5 8 [
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3 ANB B LU, it — e AL e Rk R T v S
MBI & FnTE ANALG FReht ) B FUARHT P B9 RE XS
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0
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op =y =yl
4 UAV 23k HbR UE BT, hy 2 m B A4 4 sl
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B LA AR
op <€
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2.2.2 L5
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152K UE H 8B a]

WAFHSR] T, . UE K8 da & i 3 UAV FE 5% 1Y
IFR] 7RI R v BRI R R, WSS D, 8
EFERT R

T. =D/R (14)

Zi b UAV 52RO P, 3 P, B WCSEAT 55
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2.2.3 femiHFE

FE— MR AR R v RERR ST R 3 B, 43R
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E =e xT, (16)
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w(s,), BT IGIMEEAR BB, 25X Actor 45 45
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FEAEEL ryy . T EALEE R BEAS P Y I 1) K BE
FEMMT

Fop == (T + Eu) xu,0 < < 1

H SR L AR UAV R 255 H Y 5 58
JRATSS , Py = Theso

DI EE r): B UAV B — 5 KN, Y
UAV KHZIXI, r, = =10,

ZE b0 B2 R (24)

r[ = robsl + r'l‘l‘it + rdesl + rl)l <24)
W% T DDPG Jo AL E% AR MR 5312 (deep de-

terministic policy gradient algorithm UAV path plan-
ning, DDPG-UPP) ELARPI 2 M FE3E 1 .

ik 1 T DDPG T AMLEEF2H0R B vk

1 ¥Rk UAVs 55 UEs B900% ;

2 WA SERZE WX H;

3 PTG H AR R R %
4 for each episode do
WAL IR B PAT IR 5, 5
6 PIMRILEEPLES 7,

7  for each step ¢ of episode do

8

9

9]

ETRE s, BRHIE o, = m(s,) + 43
PATIE o, , BEFRE 5,5
10 if UAV fly beyond the border then
11 BRI UAV ZEBFSE XN T4 T8 - 1)
12 end if
13 if UAV collides with obstacles then
14 LERAT S JFRISRHE -1

15 end if

16 if UAV arrives at the destination then
17 GERAESS RIS H

18 end if

19 NS A
20 KETCHL( (s, 00,07, 58,0) ) FAHEIZ T HIX H
21 LG G2 11 X H SRR /L SO KT
HARM 4 Q 14
Yo=r, Y0 sy sy (5140) )
22 il R 7 25800 BRECE T Critic ARS8

Lm = 1?2[ (yl - Qu;(stvqp/,))z
23 HRT Actor TEZMZE S

Vb= X 09,0600 Tm(5) 1 ,,]

24 HEFEARMESEL.

25 o' <+—T10+ (1l -T)w
26 0 «—710+(1-7)0
27  end for

28 end for

4 5B

ASFR 3B 38 5 5 T4 SR vL DDPG-UPP (1
fie 5 BB A8 Python 3. 6 TensorFlow 1.12, 7%
SEERERE L 500 m x 500 m x 500 m X35 N TG A LS
JH DDPG-UPP 5303 MR 53 31 H A5 s 1Y %428 AR 175
B, Hv 5 ) B AL 43 A R XN AR SO K
DDPG-UPP F33 (1) M 8 8 2o N [ 2% ] S g L 4%
NTRVEE 3 AN [ 4 B I A2 R 1% 1 i B A, AT 3R
R 2% 2 R IF 56 F DDPG-UPP 54 ¥k il A
i & SHRE R 1 PR,

B 172 R 3 B IR % (Actor-Critic, AC) 5
%, IR A T8 £ M 4% (pointer network-A ™, Pr-A™)
HATTEANLEAE RRE R B Pu-A ™ S EE /N
RS s ) FgEAT 02k, METE Actor-Critic 55
AT PRI 2R,

B 2O R P RURBE Q M4 D3QN Fiik,
[l & -greedy SRS 5 0 & I8 REE A e85 )
VB, SEELES HOASE T IC ML H E R,

L3 R T R B BB (policy gradient, PG) ,
W SR 2R N IS R AL, T MR L T A5 T S iR B
A7 2 F I R WS, A5 R b T 5 T {E R AR
% (DON %) i & S 2 o

*1 (FESH
20 TE X &
LI UAV WA R 20 m/s
E UAV Hith 2 5t 100 kJ
¥ Pr4nE ¥ 0.95
T W SEL 0.001
B L% thiE 100 000
/ML R AR 128
episodes YR 1%L 10 000
step B JET A A I R 208 500
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ARTRN ) E AR s 7 28 1 A5 B g i il /) | e 3
28, UAV B 27 > B HE 2 | BEA% T Jn v o b,
F3k B bR AL WX T Actor 4% 2% 3] 2 40. 0005 .
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0.002 Y5> Z2 I L P REJT A TR B 5 A, T
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N Actor =0. 01 Critic =0. 02 B, B AUWEL,
NI 7Nk o B R A a0 ol S B s o
R R/ E B DDPG-UPP fUTEfE 2 C % | BT
5 UAV 76538 B FR R AL B 42

&6 & 7 430 A TR B3 F JE AL A R )
BBV S BNIRARTE H AR T AL BT LU, A S
P& DDPG-UPP S5 58 1 Bk 2 k3
PERELL &L, W&l 6 ff s, DDPG-UPP &3k F T UAV
PR T 1 Bk 2 B 3 s B
AT IR TR ] 1 T AL 3 R A, R
DDPG-UPP F3E A5 1 B AR TE REFE B isf ] 1 2 fe 20>
(), RN 2 Bk 3 mH TR wshfEAs i,
UAV FEFEAT I 25 1y o 8 3h 1 25 18] B HAk, nioxd 1
UAV B&AZ LR 1 sV 25 0], ZEARSE B UAV T A
F RS s HEh VR R A 2k, BAE R —IR
g, TEANL I BETEREE B LA 7 1] ik %, KR
R T TE ML RGP 5 R, 0 A 1, R Ac-
tor-Critic 535 7] F 2L hPEZS (8], {H i F Actor 1
7N B F Critic 1918, Critic YE Y 8¢ 5 5 Actor-
Critic SR REARXENC L, )R 1 BN T 551 M 4%
Pr-A " LUJIR Actor-Critic 33k AU, (HARSE T4
SCRBAN AR KR ZERE . AR EARR ) Actor-Critic
2ER HELA T IRE Q W24 (deep Q-network, DQN)
LA REAR T 4300 2 143 1] B ) A, S IX 50
R B3 Actor I A SR 40 A B b i 2 DA

1001 — DDPG-UPP
w0
804| = Hik2
= 31k 3
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401
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0 2000 4000 6000 8000 10000
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P 8 o —4E B 5 = 4EIREE T 43 Bl DDPG-
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b, B XA SCTIE ML RATERER W) 28 /D5 20 2 1
23 (RIS HICH 6 ANYERE 6 —Uialds b AR T4 S
SR B 2 AR N T A AR [ T
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A DDPG algorithm to UAYV path planning in 3D

SI Pengbo, WU Bing, YANG Ruizhe, LI Meng, SUN Yanhua
( College of Information and Communications Engineering, Faculty of Information Technology,
Beijing University of Technology, Beijing 100124 )
Abstract

Unmanned aerial vehicles (UAVs) have attracted widespread attention due to their high mobility and strong
environmental adaptability, and have been used in military and civilian fields. This work studies the method of
using the deep deterministic policy gradient (DDPG) algorithm to achieve UAV path planning in complicated envi-
ronment. Firstly, establish a three-dimensional scene model and divide the drone mission process into three stages:
flight, waiting, and communication. Secondly, a three-dimensional deviation degree is proposed to indicate the rel-
ative position of the drone, obstacles and target users, so as to improve the flight performance of the drone and ef-
fectiveness of obstacle avoidance. Finally, the deep deterministic policy gradient algorithm is used to plan the con-
tinuous flight movements of the UAV to reduce energy consumption and improve the quality of service ( QoS),
while avoiding obstacles and completing data transmission to users. The simulation experimental results show that
the proposed scheme is effective under various parameter configurations, and it is better than existing algorithms.

Key words: unmanned aerial vehicle (UAV), three-dimensional scene, path planning, deep deterministic
policy gradient (DDPG) , avoid obstacles
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