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Abstract

The Maximum Weighted Target Cover Problem with Distance Limitations (MaxWTCDL) is an NP-hard
combinatorial optimization problem. Traditional heuristic and approximation algorithms often
struggle with this problem due to a tendency to converge to local optima. To address these challenges,
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we propose a reinforcement learning-based approach for solving the MaxWTCDL problem. Specifi-
cally, we reformulate the problem as a special case of the Maximum Budgeted Group Set Cover Prob-
lem (MaxBGSC). We model the problem as a Markov Decision Process and employ the Q -learning
algorithm to learn effective sensor movement strategies. Experimental results demonstrate that the
proposed reinforcement learning method achieves superior performance compared to traditional
algorithms, highlighting its potential in efficiently solving complex coverage problems with dis-
tance constraints.
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H bR 75 ) R N O AR AR I 2 il — DN R AR R, BT 2RI, ol i), BREER
FR2ICA R TR (3], H b o 08X — F 851 7 F 2 RN G, BifCEfG 1245008 ME %
[4]-[7]. CHEZMARM, LRI FTIHFER AL KT WA FERIRER[8] [9]. T X —ME,
VRN DLET O LR 2 — 8 7 a5 ZESR BT 52 R e /MU RS Bl PR B 1 i) /R TR FE[10]-[12], IEH —4%
WX A AN T # 3l PE SBR[ 13]

TESERRY e, AR SR A R 5 BE 5 52 R DA R R (R 31 A5 2 2% A1 6 ol R AT v 5
WMFEAE G EXFEOL T, — MR A SR 1) 2 QT A R e HEE BRI BRI, DA 55 5 G B H b o
BT IXFEMELE, Jin S NFEH T BE B 29 A K I H bR 78 o 17 8(MaxWTCDL) [14]. %55 P ER)—
AN, T BEFREAE — A FoR R AL AL, MaxWTCDL [ H bR 76 BN 55 5 PR 55 240 O iR 55
QW TR R S RES , AP 55 H AR A i KAk o BR B 2 S () B RN AR H #7578 7 ) @l (Max WTCDL)
e MM SRAE R, [FN, 16 2024 4E8; Jin 2 A GEHTE NP B8, B §TCE 7R 2 2 E
(I AL S SRR AX AN [ R, 43 ) A O SR AR L 25 1 K B9

A A ) EAE N THEHURL S F1E 28 22 AR AR I 25 L4 A 2 21 T BRI BB X 1)
W2 RTE[15]-[18]. ffHe NP M i 4% 88 5 3 B AEAS i Sids . I VA s & sk, 2 00t e i U5
OEE BT LA SRS ORI A, (R LA CRUEAS o i Sk i . KR R X AN E T 22 T AU A )
R, PTREARAAAETEAAGRIIE . AL, V5 2 Al P2l b il R V4% Gt S b I B8 L F T8
R T, XELTVE L T HAL AR R TT 58 o 1K 5 R X 132 AU & KT, FTREH T 1 ) &
T H H AN B AR [19]

PG, SRS SJRL)$EH T — MBI EAR DT %, i DU B E A B 07 SR se ok B 2 ik
X R I R [20]-[22] M4k, —SeBF FOR BRI EE 3] 516G R R UEVEES A, BT B RSk A 3% A
RN, ERTE T EE ARG A [23]-[25] .
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Je R AT AR R S 2 A RE (26

Hu %5 A\ (2020)%1 % 22 A7 7 il AR A2 2k, B 17 2 T 3L 52 o 4 X 48 15 e A 2 SR s IR0 4% 1 B 44
W S 10 R AR 22 A FEAT IO T R AT SR AR, ORI S REARHLE IS 7 VA s T 72 I ek, 1
SRR B S R YBERAE G127

Wang 25 A (2023) 0] 5 £ T I 25 2 FR 1 ) P-r e 1) 8, ) P I 28 00 X 28 15 22 6l Sk LR 27 =) 715 iR
7N, H{E REINFORCE HEAEZE Nt %%, B T & SRR - F#[28].

Guo %5 N (2023)idk— B4t 7 3 F 28 etV IO TR FE A2 2 T, g Vet J S v B AR B K AT Rk
Fd R, RAESRMSARACEAT IR, FR4 G105 2] S EYIA NG, BRI T SRR S IS
HSE[29]

ZAHT TARM R K, BATR SRS SIHELL R AR v MaxWTCDL ol @ FATTH H 1K 7572 0T LA H & B
Hh R R AL AR AL BN SR NG,  DASR R B T 55 1 R, [ I B AN LS Bl PR B 4 R
2. WrERiE
2.1. MaxWTCDL [ 5 E X

g P BRI n NEMRT = {0, 6,1, a2 AIEEE, BANHE(j=1n) R ABE

wj(jzl,---,n), m/I\@ij]’ﬁz:@?%%.gz{sl,sz,-n,sm} BENLER BT L, Hhm>1 2 B8, B

r>0, B MEREIRHIB AR AR b >0 LT EBHN A EEAR B, Hd B>b, MaxWTCDL
W] AL H b AR TERE B 200K b I B NS s RS S AL B 2S, 1S 878 55 H AR 1) B B E Rk
NTAETEmo A SAA RS S B2 285 R, FRATE T #A  4EALR I .

e S
~
N
e targets N
1000 - o \
* sensors 7% ° \
) 1 \
1 ”-\\"—_.-‘~“r
- 1
LemT TN o1 { *’Il . ‘I\
e ° Sl Nos 1 AN
8001 AN / ! \
/ o AN ’ L] / \
e__ ! / \
/ e - 777 Y o ® / \
- A% 1 PRty \
2 AN N\ 1
77 NN { ' o 1
GRS T
- 4 1
600 ; -0 | @ -l !
! 127N S /
\ 1 . /g’ \ Syommm—— /
\ 1 i/ ‘,’,’ . - Tax
Y, Il [ ] \\ * /I/ 1 N N // \ /’ b
SNo [} ~*/ 1 Fe NS
SN o P 1 /S —— e 1~ N
400 A oSwzIitmeg”” /-4 \ \
TN SN /i 3 Y \
. \ [ 4 A f ) P \
<L/ /
r [ J 1
\\\~ “_. | N )" / 1
————w \ L 1
w o, \ / 1
200 A ;TN @ \ ® o A ’
Ik ) 1N \ e /
oK R NI /
-~ b e N~ ° .
1 - \\ ,/
/ ~< -
/ T=—"
\, 7 [ ]
0 S/ °
;
o -

0 200 400 600 800 1000
Figure 1. Distribution of sensors and targets on a discrete grid
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Figure 2. Flowchart of the reinforcement learning algorithm framework
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Figure 3. Q -Learning algorithm in sensor deployment optimization ( m =10,n =50)
3. EREEEEMUAHI Q -Learning BiE(m =10,n=50)
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Figure 4. Q -Learning algorithm in sensor deployment optimization ( m = 20,n =100
& 4. EREFFBEMRNLFHQ -Learning HiE(m =20,2=100)
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Figure 5. Q -Learning algorithm in sensor deployment optimization ( m =30,n=150)
5. 1RREEREREM AL EY Q -Learning BiE(m =30,n=150)
Table 1. Performance comparison of optimization algorithms for sensor deployment (m:n=1:5)
= 1. RRERMEMUE ERMERELEB(m:n=1:5)
o m=10,n=150 m=20,n=100 m=30,n=150
Obj. Gap (%) Time (h) Obj. Gap (%) Time (h) Obj. Gap (%) Time (h)
Gurobi 104 0.00 0.11 326 0.00 2.31 566 0.00 5.21
Q-learning 104 0.00 0.40 324 0.61 1.12 551 2.65 2.88
Greedy 104 0.00 0.30 296 9.26 0.66 486 14.13 1.23
GA 104 0.00 0.49 296 9.26 2.55 532 6.01 8.91
SA 104 0.00 0.48 300 7.22 2.87 518 8.48 12.80
PSO 89 14.42 0.41 283 15.19 1.84 515 9.01 10.15

K3 &4 ME 5 fRoR T =AU T AL AT S AR R ER A RO LE R AT DA B R, 4 Q-
learning RIS, AL RES M A 3] B EBGE, WIS 1 B A v RE.
MG FIAR R 1, W DA BN R R RE B AR AL IR AR 5 BRI B R R D 1:5 M =Fd7 5% TSk
R . fERMEI AR R4S R L, Q-learning FERIEIL Gurobi KEAS, I HAL T PUM T A 5E
o MECT IO RASE, Q-learning FLE WA W AL H .

Table 2. Performance comparison of optimization algorithms for sensor deployment (m:n=1:10)

2. R EE MBI AR MERELLE (m:n=1:10)

m=10,n=100

N m=20,n=200 m=30,n=300
s Obj. Gap (%) Time (h) Obj. Gap (%) Time (h) Obj. Gap (%) Time (h)
Gurobi 195 0.00 0.11 479 0.00 3.98 826 0.00 8.31
Q-learning 192 1.54 0.67 469 2.09 2.14 815 1.33 3.27
Greedy 186 4.62 0.33 431 10.02 0.80 690 16.46 1.22
GA 186 4.62 0.59 456 4.80 5.15 760 7.99 15.13
SA 188 3.59 0.66 458 4.38 6.46 768 7.02 17.78
PSO 188 3.59 0.57 454 5.22 5.57 748 9.44 14.12
DOI: 10.12677/aam.2026.153084 30
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Figure 6. Q -Learning algorithm in sensor deployment optimization ( m =10,n =100
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Figure 7. Q -Learning algorithm in sensor deployment optimization ( m = 20,7 =200 )
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Figure 8. Q -Learning algorithm in sensor deployment optimization ( m = 30,n =300 )
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