$20% Ham AFZBZEBFEEER Vol.20, No.4
2022 4 4 H Journal of Terahertz Science and Electronic Information Technology Apr., 2022

XEHS: 2095-4980(2022)04-0393-09

. y . .
Bt O-Learning B9 WRSN 7¢ FB % 12 #1 %I & i%
AR OE OEN, LR
(LARINBHE R B 5B TRSRE, Lok M 2150095 2. EEFE B FOLER S S EOF AT, ARk K& 130033)

W OE: ANEALEAERBERNETARERNARMNEF G ENMIAFE A, KEL L
EERBE ARG T ARR, BE T — M T I Q-Learning W £ & 7 70 oL 15 R 2 P 4 09 76 d %
GAXEE, ESRENLAETEEECEA T TR ESEAE, 2 BEXBAENXF A#ATHE
HEAMEAREERE, BB I TR EHE N — D K(Agent), HELREIEFFHEE, &
A e-greedy REHATH AT, FABHM AU ESH R IT LT B, REATHERE IR
RERSZHIHE, BENFIARC TR ER, HFEERIEW: %7 W EENX 8% HE K
S, BE5RERAZBE MY, KH*W Q-Learning T M EFE M % HEm ., T EFH X8 REAH#®
EfAEE THAEA —EMHH.

KBR: TAHEREMNL; Kt Q-Learning; TH EZNX]; e-greedy K Ws; X H 3

FESES: TP393 XEFRERD: A doi: 10.11805/TKYDA2020729

WRSN charging path planning algorithm for improved ()-Learning

LIU Yang', WANG Jun™*, WU Yunpeng'
(1.School of Electronics and Information Engineering, Suzhou University of Science and Technology, Suzhou Jiangsu 215009, China;

2.Changchun Institute of Optics, Fine Mechanics and Physics, Chinese Academy of Science, Changchun Jilin 130033, China)

Abstract: Aiming at the bottleneck problems of traditional Wireless Sensor Network(WSN) nodes
like limited energy supply and short network life, based on the latest achievements in the field of
wireless energy transmission technology, a charging path planning algorithm based on improved Q-
Learning Wireless Rechargeable Sensor Network(WRSN) is proposed. Firstly, the base station performs
charging task scheduling based on the energy consumption information of each node in the network; and
then mathematical modeling and target constraint setting are performed on the path planning problem.
The mobile charging vehicle is abstracted as an agent, and its state set and action set are determined.
The e-greedy strategy is reasonably improved for action selection, and the relevant performance parameters
are selected to design the reward function. Finally, the state space environment is explored through
iterative learning to adaptively obtain the optimal charging path. The simulation results prove that the
charging path planning algorithm can quickly converge, and has certain advantages in terms of network
life, average charging times of nodes and energy utilization compared with the classic algorithms of the
same type.
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2 TC LR AT 78 HL AL R I 45 (WRSN) #5719 iU BEAE 20 A1 AN S RN JC 2k 58 Wi e A BB 0 S8 LR 520, >4 i WRSN Y AF 52
R T AL — SR A SRR R AR . G T WRSN ISR L BE DA IR 24 H i e . SCER2]48 i 7 —Fh e i iy
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B A, R T R T G O-Learning (19 70 HL B A BRI 0E . H R EMFSE N A R0 E Q IRABUT IR S S 530
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3) while 7R A = HFR AR dos
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6) fit H=C(1) 5 O fH ;
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A ARASIE S={5,,520 8,5, }o 000 0 46 355 B9 A MCE B 03 AR A5, 46 WRSN 19 19 4 16 55 31 1 m A~ 19
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1 P S5 3 % 1) 3 A e % T A 7 T A B L — SRR TERR A PRI 5 A O R 14 30 £ 1
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2.3 HIEERFER

O-Learning 8.3 1 # i Jf] e-greedy % MG R AT IR IR R, 16 A 2SR H, e-greedy S t TR S H %,
W SIGHE R, R A SR Y T — Bl R (Y O-Learning 2% 2J M, A O SR N H XA G REVAR, #E MCE S B 46
B aifEZ i, whedee YA &S B B2 MR @y — D iR Aair R, Hrb Hix X
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T S PSR T2, B0 R SR L R AR B, BT DA e R AN, iR TFIRER, 2R T O
14T 5 M0 A R (0, LU Rk

e<e—¢,(Emn<E<E) 7

(C)1994-2023 China Academic Journal Electronic Publishing House. All rights reserved. http://www.cnki.net



55 4 1] X| % B O-Learning B WRSN FE R IR Z M X &% 397

K e WIRRN TP e MIRRN TI/ME; o ERRRN T HHINME .
24 RERYE5SHRIT
XF T MCE 3¢ L B 42 BRI ) R, HORZS 2 ARG, A% 58 09 i 52 il s BOR Z 8 R i 0, BN = X
(0 S VR HE AR A B/, BT H B 1 W S N o Ol T IR S DAl R RO Bk, A B R S L AR
AERY IR 28, G IR 17 ST B iy . MCE AR JL I FE AN I BRBE B9, H 3 3 & 5203 R KL IR (5,05, ), LR IA L
=R (@) s
R(S,,a,,8,,,)=0,p,+0,p,+ 0,4 ®)

A 0 ~0, NERREZIAE, mFRARRE; p~p, W IITEA N T, b p, & MCE MR s, 3
R s, MEEIEFEA, HFEZH MR T H % MCE 76 0] g 50 (9 i 0] py 258 H (9 L3 p, 3% F/8 MCE i 4¢
EHAR A, RS REHREL, X2 MCE 5t (b B8 )5 48 5 py S8 24 B AR 3T A0 $000 3 25 BEFE . MCE
A LUK A5 S EAT 1 TR AR A T, O A BRI R — e H AR A

AT QEIEAN, FHE Q MBS HUE, R () AT A T T o LR 32 i 58 280y J& O-Learning
B EENSH . o BRI 1, FRIEAVE R R, EORRE ORI S s ez, B R S I SH A 2
() e T g R SR i e . WP X I Z LR, 2 a=0.5, MCER KN 1Z H EWBIRSH s i [l ; 4%
Jil s R Ay I 1, B 2 R PATIEZ R MRSl R s MR OB, B Y AT AR o AR SCH bR fil
FEHLRCR R RAL, BB iR 2l g, PR R IR R I S il R R A, B 0,919
2.5 B O-Learning &%

TE A — 5 70 o ok B b dd o R AU ) 15 B e A s B A, L OM AR B I B 2 s

Ei£2: Wik O-Learning B4R B R 5 1k

1) Initialize: MEE V. REE SHEIESE 45

2) Initialize : 245 £ 075 A1 H bR ALE

3) Set up:e,eq,0.p Fl KIEFCKEN;

4) AR R V5 R 3R A A5 1)

5) for i=0—N do;

6) s=s,, LR EIH M5 HRAEED;

7 EH: 6=0;

8) while (L<D) doj;

9) random &(e €(0, 1)) ;

10) if £>¢, then;

11) TEARZS s 19 B4 25 8] TP AL B B A a

12) end if;
13) RS 5,05
14) t=t+1;
15) L=D;

16) R(s,,a,,sm) =W, p,+w0,p,+05p5;
17) if s,., J& T4 2& X 3l then

18) ¥ AL AK();

19) else;

20) Q(s,,a)=None O(s,,a,)=None;
21) Break;

22) end if;

23) HiH MCE v B 5 H bR A 5
24) end while;

25) Wi 03K

26) 0=0+1;
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27) end for,

TERE 2 P s AR RO ARG b, o S E I I RI2DH, N ARIRECE AL, e, &, e o2 56 T XA BE 1Y B4
RS, o Mp RETH SR RS 8, DRV AR B b s 58, L MCE /i {7 & 2 B A5 s
iR

3 FEERS5HEgESW
3.1 FESHIEE

AR S 2L MATLAB 5 A TC 26 1T 36 H A5 IR A8 I 45 R 5%, I 5 NINP 5538 FI MMAS BE HET XS e, S0 3iF
O-Learning 7t H 8% 42 A0 B8 0 B se s PR AR Y. O T SE IR A5 R s R, 7RI 150 m 89 75 T DX B BE B A
n={50,100,150,200,250,300} 1~ 1] 7t H3 f& %45 19 a5, SFLulif T X bt , &% MCE i Kig 175 2 D, 7 600 m,
WG 7 B A bn R [75,75], XTI A AR AR T s BEALAE IOV IR RE B, B AUBUE RE RO E,=50 T H AT RUER I
AT GPS AR, AT AR BT 5 S A7 B A B, 24 WRSN 46 T.4E 1 000 s J5, MCE JF 8 4 9 26 P9 35 5 b A7 |
g JE A0 g LI (R (R) B 250 s, FHECH T, TE#EfT QHEAN, WEVRY T Fa=05, L2 R%,=09, HA
A LS EOME REPE M 8 A5 a0 26 1 FTR

#1 HESHER

Tablel Simulation parameters

parameter definition value parameter definition value
simulation area/m’ 150x150 node rated energy E,/J 50
number of sensor nodes 50,100,---,300 node communication radius //m 25
MCE driving speed v/(m's ") 2 node information packet size/bit 100
MCE battery capacity P /J 4000 node sleep energy threshold £ /J 4
MCE charging power F/(J-s™") 5 node energy consumption EC‘/(mJ's'l) 10
MCE energy consumption per unit distance e, /(J-m™") 2 number of charging cycles 7' 50,70,---,130,150

3.2 Mt O-Learning e 9 4

57 D90 A 122K 150 mx 150 m (1) 0 5 X 38k 5l 43 Ry 1414 (R A% 38 40, T 3(a)~(c) 43 31 i 7R T MCE 7 fir 41 59 #¢
WL 2 R R ORI A 2] S5 SR i /INE Bl as R b i B sh ik AR . B rh, MR LR MCE B, K (S0 4R 3R
Az AR A, BE /N X Y, KR B RR B AR X . 2 MCE #F A HAR KU, WA H 5
ik HAR

&l 3(a) iy MCE 1 Wik A SRS 00 b 50500, e A AT e 30 2 I DL T, RS 23 [ BRBE X F MCE J2& K Al
B, MCE RGBS s 2100, o A HGE R Y00 TOPE e 7e 006 20 22 3045 Fh 42 . E IR R A s R 3 5
it g, MCESA v 2RA, SR REN SRR &, IEER B O A R ARSI 2 a1k

E 3y, gt Z Rz BNk, MCEC WA T T 3EL, JIE T B39 00 00 B R [RRIR 25 i AR
B Hil FXHREINRA R, BRERBRAAET R ERE,

14 14 14

I I I I I I I I I I I I I I I I I I T T T T T T T T T
13 } ® - — - MCE movement track ‘— 13 } ® - - —® MCE movement track ‘7 13 } @ - - - MCE movement track‘—
12 12 12
11 11 11
10 * 10 (3 10 e

\ \ \
9 X 9 S 9 S
s \ \ N
S AR AN AN : ° s e
7 7 =t 7 <
AY
o @r-rocos- I ) e ) \
5 5 - 5 A N
~~L N

4 4 = 4 No

&-----a N
3 v 3 3 N

\ N

2 2 2
1 1 1
0 1 2 3 4 5 6 7 8 9 1011 12 13 14 0 1 2 3 4 5 6 7 8 9 1011 12 13 14 0 1 2 3 4 5 6 7 8 9 1011 12 13 14

(a) MCE is just entering the environment (b) MCE enters the environment after several (¢) MCE learns enough to get the best path
rounds of learning

Fig.3 MCE movement trajectory in small state space

P& 3 /)N RS 25 6] MCE #% 3l ik
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K3, fad B2 %EMR)5E, MCEEXMIHER T T
TR, NThIR B AR A, H B RS R I 4 B
7~ B RSB S G N, MCE % WRSN 85 B i 1, &
W T UL, 7E 500 IR %I, MCERES B — K/ fEm
FEHLFRAL, R RS H g AR e i H i .

3.3 EHEERMEREILE
3.3.1 P2k FHf

38 3 {7 B4 BT MCE B9 AT WRSN W 2% 54 i 52, 75—
JE ) 75 s TR) P, P AS ) A9 78 | T S AN B i e S L R L kit

O-Learning 70 B35 7 . MMAS 35 7 Fll NINP 35 ¥: 76 4E K ) 4% 75 fiy Fig.4 Cumulative reward changing with iteration steps
Jr UL N, R LR AP S B B R R R R 4 BIPRIR A R

o, XIUMCIRES T R M2 AR an 2 B ETH S, I B T

FL I 0 AR A R 45, AR T DG e F R 245 B SR I IR Z% A o X T MMAS B3k FTNINP 59k, AR 6 80
EANTRTERE A A 22 5, (R R] I Xr W 45 75 i 0 A AR RAR THE I 5 A SO 19 it O-Learning FE U ML, 75 M 45 77
i Pk BE 5 AR T e W, X I O MCE 2 AR 6 3l 1 42 B (8 R /0N 1 3 17 M MK e F g AR, R R 2% R BT 55 0
Z . RERTHFE KA S e dE T e, IR 540 A MCE H B i RB LA 45, ST AE 22 Hb o D2 3K 31 R B 9 41 119
W TEH, IR BE RO R T 2 9 i BERE T A T AR 73 4, AT T 1 884~ I 26 1) AR 73 4

34 60 [ Inode expected charging times
V7 improved Q-learning charging algorithm &=
32+ 0 50 - E= NINP algorithm
£ gs I MMAS algorithm
= S 40
L30 M 5
% g
‘E) 2.8 - —8— no charging o
—o— MMAS algorithm g 20
—A— NINP algorithm z
26 - improved Q-learning charging algorithm 10
2.4 Il Il Il Il 0 %
50 100 150 200 250 300 100 200
number of simulation nodes number of nodes (n)
Fig.5 Network life comparison Fig.6 Comparison of average charging times
P& 5 1o 2% A5 iy L ] P 6 X FE L UCE LR A
- v S
3.3.2 74 kP 24 T8 L KR

AT AT R T L R SO A 3 R SRR R A5 I L, 3 e A A 0 DR I E R T H T S I AR AL .
7S HL R AR T8 30, Seit R IA n flF NINP B vE . MMAS 83k FIAS SC8 vk 19 F 34 se s v sk, I 53e sk iy s
AU T L R EGEA TR b, SR E 6 i . TERIFEM T S BGETT, B0iE O-Learning 78 L RVAE R, #2797
SR R 100 B, ] A SCAE T 5 A0 HE YR B S MMAS F NINP 2276 A 43 900820 T 76.79% Fi1 54.78%, I H.
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