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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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1) Initialize: HEE V., RS SHEELE 4;
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3) Set up:e,eg,0.,p Ml KIERIKEN;

4) AR AJE RS V4 K] o3 IR 25 A5 T

5) for i=0—N do;

6) s=s,, WSS HIRAEED;

7) A 6=0;

8) while (L<D) do;

9) random &(e €(0, 1)) ;

10) if e>¢, then;

11) TEARZS s 1 B4 25 8] o AL L FE 31 a5
12) end if;

13) 2R AE s,

14) t=t+1;

15) L=D;

16) R(St’at7st+l> LAV 2R LY 2R N OFY 28

17) if s,,, J& T35 % X 3K then ;

18) ¥ ZHARC AL (1)

19) else;

20) Q(s,,a)=None O(s,.a,)=None;

21) Break;

22) end if;

23) HIH MCE v & 45 H b s BE 8 5

24) end while;

25) R 0%

26) 0=0+1;
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3 FEERSMHgESH
3.1 FESHIEE

AR i MATLAB 75 HARPFREUTEZ ) 58 B AL AR M 45 3R 058, I 5 NINP 30 A MMAS B095 2547 X b, SRk
O-Learning 75 HL B A8 KUK S0 76 B9 SEALPERE! 0 O 70 SE 06 45 2R S840 R, 7R 150 m iy 75 T8 DX Jsk P9 BB ATL 708 2%
n={50,100,150,200,250,300} /> 1] 75 H f& {457 15 1, FEul L T X I bt 508 MCE 19 KiZ 4786 # D, 4 600 m,
PR B A AR A (75,751, XF T BT A AL I 1 R BENLAE IR IR R B, B RUBUE BB N E,=50 15 HA5 T ARG
A7 GPS HE L, AT AU 5 Y BT AL B A5 E, 24 WRSN JF4A T4 1 000 s J&, MCE JF #f %t 9 4% Py 35 5 547 Fo He
g A 99 5 v I B 6D B 250 s, RO T, fEREAT Q EIEAURT, ERIUG TR 0=0.5, KL R y=0.9, HH
TR0 ELSBOAPERETTE O 46 bR ik 1 977

ERITE e

Tablel Simulation parameters

parameter definition value parameter definition value
simulation area/m’ 150150 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 £ /(mJ s 10
MCE energy consumption per unit distance e, /(J'm ") 2 number of charging cycles 7 50,70,--+,130,150

3.2 Bt O-Learning T8¢ 5 ¥

T D0 A% 75 K5 150 mx 150 m (49 05 5 X 38k Rl 43 Ry 1414 () A% 3840, T 3(a)~(c) 43 31 i 78 T MCE 7 Jr 4 3809 ¢
W 2F ) R R R ORN A4 o] S5 I /NS L s R R i R sh ke . B, SR LR MCE B, KB S0 4R ER
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ik Hbr a5,

& 3(a) iy MCE B K il ARG BT T LR 500, 7 A R e 3 2 Rl 0 T, RS 28 B R 45 X5 F MCE & & Al
B, MCE ANHGER o E0F L, A HGE R 00 TP, I 7e 006 20 22 3045 Rl 42 . R IR R A i as R 30 5
HatfErh, MCE & DiF2RE, HY5REMYREIRR &, JERBMBCAE A hIAE P PIT 52 k.

B30, Gl 2SRk, MCEC YA T M T8, FIEE T B9 09 07 B AR [ RS 1 A8
B HHTXEREIAPN R, BRI B Al 7 i 1%
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(a) MCE is just entering the environment (b) MCE enters the environment after several (c) MCE learns enough to get the best path
rounds of learning
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<)

Fig.3 MCE movement trajectory in small state space
3 /I FPRZS 23 W) MCE # sk
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33 EREEEELR gl
3.3.1 [ 4% F5 i

38 35 45 B AT MCE 9 i A X WRSN W 2% A i s, 76— 7100'(') T T T T
LR N N E S B R N NS o A R R A2 W s 1 B L rertT.tE
O-Learning 3¢ H 5 15 . MMAS 55 55 F NINP 53 55 75 fiE K 9 2% 75 Ay Fig.4 Cumulative reward changing with iteration steps
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HL B 1 ) A SRR I 4, AR T JE S H 0 45 B S I 1 R 2 5 iy o X T MMAS BRI NONP B, AN [ 35 s B0RE
EATRIPERE A AT 22 57, (ELIR] I X I 26 75 i 0 A AR QB TR 5 AR SCHR M B9 ik O-Learning S8 L5905, 76 9 2% 75
i PERE J5 T 4R TH AR W, X R MCE 2 MR 405 20 11 52 B¢ (B /0 1 3 o7 3t 0L 30 52 W B A%, X IR 46 R OR BT 5 i
Z . e IHFE R AL e BEAT TR, IR TR0 R MCE H B R BB B A 45 . ST B 22 M oy DI 2 3K 3 AR BIG 189 1 119
TR TR, IO TE KRR AR T W 2% N REFE T o i AR 34w, MNIIT & T 1 8> 190 2% B A 73

345 60 [ Inode expected charging times
) improved QO-learning charging algorithm =
321 &0 50 - EININP algorithm =
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b 5] =
= S 40 =
230} M B =
E 30 =
g g =
5 2.8 - —8—no charging S =
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—A— NINP algorithm z E
26F - improved Q-learning charging algorithm 10 E
2.4 Il Il Il Il 0 E
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number of simulation nodes number of nodes (n)

Fig.5 Network life comparison Fig.6 Comparison of average charging times
P&l 5 [ 2% A i L A] P 6 -2 FE L R LR &
3.3.2 7 i P2 FE L R

T BT A T R R BOR A 3 AR SVA AR A5 L, A R T I B ok B0 TE A T R T S A B AL
HCAE e R W8 TR 30, GEit AN TE] n (B R NINP B3k . MMAS 35095 FIUAR SCHEE B2 78 s o8, I 5 Be sk iy 3y
SR T RBGE AT XT H, HES R E 6 B . FERIREY T S AR T, 20iF O-Learning 76 L EE R IR, #E 1Y
SRl 100 I, 57 T A S T A L YR B S MMASS AT NINP 2276 A L 23 900820 T 76.79% i1 54.78%, I H.
SULE A 5 T A FE B I T 4.07% o 33X 2 IR R Bl idE O-Learning 78 HL 53 32k LAY A5 B4 6 6 R0 A A= AV S 2 3¢
P, RENE TN B M S WS A FE R R, DTS B A B (A T YT A R AT TR, 0D T T AT A TR LR
. NINP Bk AR 8 70 H AT 45 00 20 SR & 0 2% rp A 38 A0 Fe e, DRI Y 0 9 S 38 70 e R B B K T I R R
MMAS Bl o [ e L es i SO S T s i, BRI Z M AR R E B Rz, WK,
PA I EE NINP 353 1P FE d kb, R S RERER S L T SRR R R B et R, T Ll MMAS B ik
ER R IR S T AR SR
3.3.3 fE & A H R

MCE & & F F R 002 A7 B L E R ) — A S 2R bn , HSC o WA i B RE & MCE JH #E BLRE B 10 4
b, 7EMCE st et AT FRIAG DL T, A [R) A9 4% B 25 5 5 800 23 X MCE f8 i R FH 2% ™= AR AR R s i, LS00 25 5
mE 7R .

MMAS 5.3 9 MCE R & R H e e 16, (F Rl 25 07 2059 S0 8038, 3 Fh 3309 ) B 6 R FH SR A0 AN [m) B2 B 1Y) 1
T, XEHTRET SN E, HRE AR ERH AL, MCEFRENELZN M HE, KRHN T HITHGE



400 AR EEBRFERER # 20 %

HIHAE, MRS TREEFAE, NEHF B AN, ACHED
A A FH 2 — B T RO AN B0k 65 AURCRE S 150 A0, i D e e chareine sleorifng
E O-Learning 7t HL 8 2 M1 & F NINP 8%, BE R A A RETH T —4~ MMAS algorithm
16.3%; MMAS F 2 RIS LA 2477 280 59 2= 200 A~ LA -
B, NINP 3L A9 RE & A RS &AL, X2 FE NEZ T HE,
NINP B35 B e AT 55 emg R Rl dedls, nl A E, FBRAIKT
HAMER, Z Lk, KAXHEXRAEMCERERMART mHEAR
L

o
(=]

- ®©
S (=]
T T

(o))
(=]
T

MCE energy utilization/%
= W
(=] (=]
T T

(%)
(=]
T

20
4 g?:l: .i'/l,: 5I0 l(I)O 1;0 2(I)0 25I0 3(I)0
number of nodes (n)
AR SCE SN WRSN 225 % 1B T MCE B fE R AR . £/ Fig.7 Energy utilization comparison
B A ML RN AR R B R B AR T IR T O O- 7 R A L

Learning [ JC £k 70 M 6 AR BRI 1L, k0l o AN W2 ST IR R IR 85%
AT 2 500 5 AR, Bk Ist, RiFAhE TRUE , MCE BBHE [ 3G I b oA K] — 2% S O 72 L I A% 58 AT
%o WzH LS 2R kT O B X L, 45 R R B O-Learning 78 HU SR IR AE W 4% A R TE . T ASCF B R
HL UCIORT A w5 R FH 238 55 5 T EL A S A v RE .

TE AR R FT i 2 AF B vk v 25 JE J0 4 78 ML IR £ 09 70 HAE B RO SE FE) WRSN X e sE MR gy 2 g, s B3k m] DU
N B R 2 ) TAE 5

S % Lk

(1] T3 BRK B, 2 TUZR 55 . JO2k Al 5 v A% T s 190 265 Hh 18] 5 58 H i 1 3 2 SR [J]. 845741, 2017,38(21):156-164. (HE Hao,
CHEN Yongrui, YI Weidong,et al. Deployment strategy for static chargers in Wireless Rechargeable Sensor Network[J]. Journal
of Communications, 2017,38(Z1):156-164.)

[2] LINCWUG W,MOHAMMAD S,et al. Clustering and splitting charging algorithms for large scaled wireless rechargeable sensor
networks[J]. The Journal of Systems & Software, 2016,113(1):381-394.

[3] HE L,KONG L,GU Y,et al. Evaluating the on—demand mobile charging in Wireless Sensor Networks[J]. IEEE Transactions on
Mobile Computing, 2015,14(9):1861-1875.

(4] XVZEHOHARTCARIEDK, A5 . ToL ml e AR IS I 265 SERL BRI 5T 1], A& IR SR BE, 2020,39(2):14-17. (LIU Yunxian,ZHU
Jiang,XU Yanbing, et al. Research on charging algorithm of wireless rechargeable sensor network[J]. Transducer and Microsystems
Technologies, 2020,39(2):14-17.)

[5] RA# 55 IMERAF . JoL T 7t B AL A W0 25 rh g de DL kol 0 i B8 3 78 HIL D] B0 1F27 4k, 2018,29(12):3868-3885. (ZHU
Jinqi, FENG Yong,SUN Huazhi,et al. Mobile charging to avoid energy starvation in wireless rechargeable sensor networks[J].
Journal of Software, 2018,29(12):3868-3885.)

[6] LIFY,QINJH,ZHENG W X. Distributed Q-Learning based online optimization algorithm for unit commitment and dispatch in
smart grid[J]. IEEE Transactions on Cybernetics, 2019,50(9):4146-4156.

[7] YUANY L,YU Z L,GU Z H,et al. A novel multi-step Q—learning method to improve data efficiency for deep reinforcement
learning[J]. Knowledge-Based Systems, 2019,175(1):107-117.

(8] HF P BRZEE . FT Q5 2T (Y JC DU B WSN BOdf >R 48 Ul LA [J/0L]. 3150 HL T/, 2021,47(4):127-134. (JIANG
Baoqing, CHEN Hongbing. UAV-assisted WSN data acquisition trajectory planning based on Q learning[J]. Computer Engineer-
ing, 2021,47(4):127-134.)

[9]1 NISIOTI E,THOMOS N. Fast Q-learning for improved finite length performance of irregular repetition slotted ALOHA[J]. IEEE
Transactions on Cognitive Communications and Networking, 2020,6(2):844-857.

[10] XIAO L,XU D J,XIE C X,et al. Cloud storage defense against advanced persistent threats:a prospect theoretic study[J]. IEEE
Journal on Selected Areas in Communications, 2017,35(3):534-544.

[11] DABBAGHJAMANESH M,MOEINI A,KAVOUSI-FARD A. Reinforcement learning-based load forecasting of electric vehicle
charging station using (~learning technique[J]. IEEE Transactions on Industrial Informatics, 2021,17(6):4229-4237.

[12] NAJEEB N,DETWEILER C. Extending Wireless Rechargeable Sensor Network life without full knowledge[J]. Sensors(Basel,
Switzerland), 2017,17(7):200-227.

[13] Tiaw 2200, 240 8 . 3T SMDP 1 R0 00 T2k 14 8% 00 45 ¢ U5 43 Bl SR W [ 1], KR 25 Bk 5 i 715 B 224k, 2020,18(1):66—



%4 X ¥EZ. B O-Learning B WRSN FE B BRIZ MK & % 401

71. (WANG Ruyan,LI Hongjuan, LI Hongxia. SMDP_based resource allocation in virtualized WSN[J]. Journal of Terahertz Science
and Electronic Information Technology, 2020,18(1):66-71.)

[14] LIN C,ZHOU J Z,GUO C Y. TSCA:a temporal-spatial real-time charging scheduling algorithm for on—demand architecture in
Wireless Rechargeable Sensor Networks[J]. IEEE Transactions on Mobile Computing, 2018,17(1):211-224.

[15] BFEN-F-. WSNs H 3 T8 BRI 1O 15 g B AR LI 50 (0], KBF &Rl 5 it 715 B 274l 2020,18(4):718-722. (SHI Liping. An
intelligent water droplet based path planning algorithm for WSNs[J]. Journal of Terahertz Science and Electronic Information
Technology, 2020,18(4):718-722.)

[16] TONY A, HIRYANTO L. A review on energy harvesting and storage for rechargeable wireless sensor networks[J]. 10P
Conference Series:Materials Science and Engineering, 2019,42(8):386-474.

[17] &0, 25 S3CH . i 9% WSN 43 )2 P sl i i 1 H 5 52 BR[I]. KBk 2281 5 B 715 B %41, 2018,16(2):312-316. (GU Jian,LI
Wenjun. Design and implementation of lightweight layered protocol stack for WSN[J]. Journal of Terahertz Science and
Electronic Information Technology, 2018,16(2):312-316.)

EE®

X E#1996-), B, A RMNEA, FEEA LA, E OEW1979-), F, wamadNmAN, mlHEE, B

TG )T 0 N ICRAL RS P 4 .email: 1666356620@qq.com. S, B AR R R L AR B .

2o

email:wjyhl@126.com.
Z=HB(1997-), B, LA RMITA, TR LR
TR I TT ) s Al e )



