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Abstract

With frequent mine disasters, mine rescue robots have become indispensable in search-and-rescue operations, making the
development of advanced intelligent devices and optimized control algorithms critical. This study proposes an obstacle-avoidance
system for mine rescue robots that integrates reinforcement learning and virtual potential field algorithms, aiming to achieve
intelligent path planning and enhance obstacle avoidance capabilities. In disaster scenarios, the system enables autonomous
navigation through complex, dynamic environments by avoiding obstacles, planning optimal routes, and gathering environmental
data, thereby assisting rescue teams in completing missions within critical timeframes. Simulation results demonstrate that the
combined approach of reinforcement learning and virtual potential field algorithms demonstrates strong performance in path planning
and obstacle avoidance, while maintaining high feasibility.

Keywords
reinforcement learning; path planning; virtual potential field; obstacle avoidance

ETENEGEENEESE EIZIT
AT ' X

L JNmEEBE, HE - TR TN 511363

2. T AALBRIRM ORI, R - AR TN 510515

W =

FAERER A, B REARAEBAT ZAET AR, A, TR AT RSP RSN IIEEXER, ALE
B TTR — AP G AT ST Fo B Fok 5 A BAEAL B A RIE R, BARE IR RN, RITBEIE A G B
Ref1 . AR AWELT, ZAPBEATARNL & LR ZACH R IRIT T, B @AY AR RAEHSE, Kk
AInIRBLA A RAZ &, B BB H A R AR BRI N R RAES . AR REAN, ZALRE T RILF I F R
MAG Ik, WILELAN, MANEAERDAR Fe B A R F, HRREST, R TS,

KA
BT BEAX); EWAY; B

13]= SR (BRI R AR T AT T R e
EERER, AINEAWNN ADZE, 7o 2, [FRTHRCR TREE ARt (1], 58t S 2l
AL A e ey TITCHAE, SIS, RIS S
NS TS T P CSETIE T
e B e e g, g T TR NI S T ).
SUBHLZE ARSI AT TFINHD, TR S SRS o @ R SNRER AR
SRS TREUE R L, RS EISMEHLES MRS . BUE T — e OFFIc .
SRR, ARSI BSRAE LIRCR, MR ey U St O AR AT SRS,
IR, JHRFHRSUERR . TERAFRECR, 0 FRGENE o s o st bls EHURTRRALRERE 1 (2]
AESS EER R R, BT oy o tearming B8
RIS, DLRTHERL I A R AR
CfEEREAT] MRt (2005-) , 20, PETICEMA, £ 31 (3], WoMf0E THFFTHLIGEIL (e omsamitl Bk,
AR, METBHRISH. KEESATH. KA 158 A AR S MR R [4].

10



AHTESATERE -

¥ 07% - 5028 - 2026 £ 03 A

ENTEREEN 2 NSUS B A2 . T2 iochh
A EE PR TFARSCHTSY, $2 M bl A & aERoR
MBI SRR IR R . Blan, @il ATE
BEEREIN LR BRI TR R, DISEESTRE Y
>IN TSRS IR EOR,, Ko THLER A E
THEREREE (5, 6] — MFFRIEIAR St 2 SE:,
fein 1 Hlas NERSYIHLEERE /) MBS IR MIIPECE [7]. Kotk
TIETIRIN AR NEE S I P RSN R, 4R T —
PTG E R 5, DRI \MEX e AR
SRR (8. A, SEFRKPAREL, ENERE AR
S SERHAAT R AR T T T A 28, CHRAEZHLER
NI ERAE ISR AR SR, FFEE— P4t [9].

3 AWLHOIF 24

ASCHEEH T — MR Q-learning Bk SREIAIZIIARLE &
PR ARSI, BRHAIH THE IS . Q-learning
BT R A SRR B AR S AR SR, REELH
SEAMI A RRIRIRED, AR R A ALAE A
FAAERRE T3, BRI HLES A=A D, (128 ARt
SRS [3].
4 EiEHR I EEER
4.1 Q-learning & ik #iA

Q-learning Fj & — PR S H%:, B Rl >0k
WNRILANE. T HRIENLAE BRI, HLEs AERN
MIRERElT, BMETRE—IRE. LB A8
BEE F L N EEDEGER). Mlas Nl 5IERL
OAWEREE Q &, EirFEa M ia (S 2 HARH S i
=N

RS VU

L Wit Q 2%, BT Q E1%N 0.

2. fERNGF, Flas AMERafrEH %, SHAEER
BT ER), BEEHRE B RS EGR RN E A R

3. FFEMEIR N, PLAS ANIZIR & - IRIORILR,
EbEL & FOMEESREENBESI B THRZR, TLL(1- &)
ORI 2R 632 Rl K Q [ERIBIEINARIA

4. BITE, Plas NEEFIREAAETE.

5. IRIRDU/RE5EEH Q fE: Q(s,a) = Q(s,a) + o [r+
vy max Q(s”,a’) - Q(s,a)], HA o ZEESIE, y BATHIA T

6. X 3 -5 00, BRI,
4.2 BB E LA

RS Bl 5 5 1 Shlas AsIE ke, [H
IR FHER RS, (ELes NSRS ER T e TS
IR, T IERAENIEE A, B B s
BH S AT Z A, M5 | S e 5 H
FRATHE

BFAPRA

1. B EARGLER LA ARG EH, FEhS adHlas
NAHRER

2. BN AL AT E = S0 H R A5 | DAk
FRIHER D . WG I EbRfER ARG E H SRR
FAos e el s B SR

3. SRS IR DR RS R R IE S /)

4. (RIEE DITT RIS EN LGS NROFTIERR 2R, JF R
GEIVA LIS

5. FARFFHA TSR 2 & 4, BN AR TRER
2 IR RBUE R R

@ =on
F15f2(47% H ikl
Jif12 .
(A s A
i ~~
1y ‘ AT R ERLEEA
iy = Wi

4

4
St 1] B “Fi, 2,
KB

ft1J¥ Jif2

if0

K13
#JFf3

1 B FRMBHEENZ NS E

5 IR I BE i ik
5.1 B#r

XE—MEH Q 2Bk 85 ARAEESS hits
AR RE, — L8 ABATMRIEE R E (0,0) BTEHFR
(L& (7,7), HEEH BT E RISERRX I,
5.2 Z5H9iit

(D). PR U HERE A RIS R, & SRS
E PR S R BEiG o AtE il S E E RN R R, 2
HALER N TRE RPN 2 ST A

(2). Q-learning #&Ht: SRS, W A>T
HEAR]. E)gGdEF, Rl Q &, KiEmikia
BRI VE S

(). BREITAIR R B THREN Q F/ig, HItML
IEATE R AR ENRER R, H T2, mwdn]
MR, AT BRI S SR 28 A\ CERS R RIR ARG R
HETT THI YRR
5.3 b A

(1). BRI#28 (RescueEnvironment):

w reset(): EEH WAL

» get_state(): FREUHLES N\ Y AT E

» step(action): HUTHFIZNNE, HIRICRAEFSCE DR,
ET 75>

(2). KWL

» IRFERM B ER: ) 100

11



AHTESATERE -

¥ 07% - 5028 - 2026 £ 03 A

> WS JETT 10
> St shIohliE . K1
5.4 ll&inii2
python 511
for episode in range(EPISODES):
state = env.reset()
while not done:
action = agent.choose_action(state, EPSILON) i#7
WEDHT

next_state, reward, done = env.step(action) S:H{~—

ATED

agent.learn(state, action, reward, next_state) 5T
£

state = next_state TR
iR

5.5 AL IZ 1T
(). BRI
JKtE i BEiSY) (OBSTACLES)
PSS #LA (START)
SEN: HPR (TARGET)
AREN ST ) =S
(2). VIlgrehzelA
X fh: VIIZEEIR (EPISODES)
Y B BRSNS (episode_rewards)

Enviranment Layout Training Rewards
@ vt 10 { 2
= ptimal Pat W’W\‘mﬁm
of . an |
af
100 {
1 im0
i
i
-
st
, J ann |
L'_. so0
T e 1t 3 3 &+ & & 1 [ P 00 *0 r o

B 2 HEERSHREMIBRRITESR

57 BF&ERSW
(). BAERRIE
IR R
R IR S T MRS (0,0) BIHEHR (7,7) HUERE
BARFLAGRET T ARSI ((2,3)(5.5))
EAEPBER ML MFIE 2 —
* M DS TERS: £2(0,6) — (1,7) — ... (FERS EJ5)
* N RIL TR S 45(6,0) — (7,1) — ... (&5 75 )
(2). VIZRehZesbT
A EARFE «
#0100 48 ) « HBHEWNAEIZL (50 ~20) , FHT
PRE B
12

A (100300 %6 )« B A EIF, e e 15~ 5
JuHE

Ja B1(>300 % )« ® BB R3O AE 80+ ( AR T WY

10014=86 )
(3). B A]REL 7 5
[ (LRET -

HlEs ARAEX AN (0,7) 8% (7,0), FEL A KIATRIG)
Rt A -
TEAIE (1,3), BERMAREhE Q Bk, HHT R
77 (2,3) AN, IRES SRR A EIAL .
RERIE
£ =0.3 12y 30% FENLANTE, 5305 B 7] RERlL i
Ffs

6 &it

(1). BRI : (58D Q-learning %, HLEs AR]LL
TEREE PN A SRR M i B B RS S s 2, (RIS
LETTRERGY) . WSS RERT, fEfEm i F AL iR 25T
A R PRI F b R 3]

(2). FIMERE: B ARWTHEIIZRREL, P2 ANBA
PRI, FTE AR D, SRASH R RBE 1.
S
(1] EEL SRR TR — P T 2 SRR S T TE AN 18

F 58 I RT1)::CN201910423184.5[P].CN110109480A.

[2] Smith, J., & Johnson, A. Reinforcement Learning for Autonomous
Robot Navigation in Complex Environments. Journal of Robotics
and Autonomous Systems, 2020,15(3), 225-240.

[3] Lee, K., Kim, H., & Park, J. Hybrid Path Planning Using Q-learning
and Virtual Potential Fields for Mobile Robots. IEEE Transactions
on Automation Science and Engineering, 2021,18(2), 789-802.

[4] Miiller, T., & Schmidt, H. Integration of Al Technologies in Mine
Rescue Operations: A Review. Journal of Mining Technology and
Safety, 2024,42(1), 45-60.

[5] Zhang, Y., Wang, L., & Chen, X. Dynamic Obstacle Avoidance for
Rescue Robots Using Deep Reinforcement Learning. Robotics and
Autonomous Systems, 2022,145, 104-117.

[6] FREHIN B THL a5 s 2 AR FahL e N ARG R [I] Al e v
FAR, 2024, 50(5):11-13.

[7] Anderson, R., & Brown, M. Model Pruning Techniques for
Efficient Reinforcement Learning in Real-Time Applications.
Journal of Artificial Intelligence Research, 2023,65, 123-145.

[8] Li, J.,, Wang, H., & Zhang, Y. Intelligent Decision-Making for
Rescue Robots in Complex Mine Environments. Journal of
Robotics and Al Applications, 2023,12(4), 345-360.

[9] Wang, Z., Li, X., & Chen, G. Multi-Robot Coordination in Mine
Rescue Operations Using Distributed Al Algorithms. International

Journal of Robotics and Automation, 2024,29(2), 123-135.



