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BEXS I ), ASCHR T AR I s s S ST oA LA N BRI Ty vk, Gl i s B R R A
/2% (spatio-temporal graph convolutional network, STGCN) 7EA BR . Ak FI15 B A2 B2 TSIl 2 Hlas IR
SEBRARES SFEIE, TR 28 R 7 S BEN BT ISR, 2 2] A2 A RIS sh 3, [RIi
EFEN GRS R R Sl NEER NS, 51 22088 N RBEEE LRI LR &5 BB R A A ek &
FERHIRIIE B, A RO M5 BITR, $THE IR, AT 2 otmhanF.
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AN G AL K B SR ALE.
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VMG RE /0, SCBARSE « R 2 AL as N SRR,
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B 7 EER I 2 B R Rt 3], 8 BVE B VL SGE 2 8 Re R R AL ST P PRR M 2, BRE T Q fH
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PLEE AL AHAT LA NS UIIE « BEASAL B 5515 5., DARRIRIEAE 7 00 i 75 K.
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Figure 1 (Color online) The multipath fading influence of wireless communication for underground robots.
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Figure 2 (Color online) Trajectory planning model based on spatio-temporal graph convolutional networks.
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RAEAR SR (5 BALIER . PR IZZAMRER 4 DM, HEMnE 2 fos.

B, B S HLE ANLE AR OLIE B S 2 2B FIHL (MLP) g TR i, X — g fE
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B, LR AR Y 54 TE.
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Figure 3 (Color online) Graph convolution aggregates node features.

TR, B AR IE (S BB AR E MR A5t TR A RSB UILL S RIER 22 — M i T KB
BB FSLB TV, RiFM% R A Z AR R, Frdid A% 2 0N 8 K RIGEHT SR E AR 7. A
K F: B
HHY =45 (Z e,ﬁ”Tk(E)H“)) : ®)
k=0
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. B K DU SISRAZ RSB KD, o€ 75 SAE B S R AL FRa B, 15 s nlad i 2 [ AR 0 A0 iR
B AL NFRASAE B, dERENLES A1 Br [R) /2% 01 5 0 [R) e 3
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I 2 P A AR Y A5 R v 5N T TSGR 5T 281 (R NI Pz i, GRU 2 KA IACAZA M4 (long short-term
memory, LSTM) 29 f—Fpfaifb A0k, Jlid <& 1 A <FE17 seaind by e s SRR 5 Hrid R 10 E & v
. @i GON S EEHMES GRU AL PIC 2 25 &, BB RE 0% [F] I i 3R 2 AL 8 N R 48 19 2 (Rl
I 225 I (R A AR, 32 T 84 SR ABE B X WL 28 NN B R SRR A R S sl b Ve pe. S T TR E B T TR
B AR
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Hot, X, RWINEE, He_ WA ZIOBERORES, W, R U, RACERRE, b, NREDL R, hE T WS E
FEWHE, Z, y&%?%ﬁﬁaﬁumﬁ%zmwauaﬁﬂmu,imaj Z, e, (R T2 EEERE.
H, Al H, RARER A 5 REHURA.

4.2 ETH=ERAFE IMERLEE

FERY RIS 25 G AR 4% (STGCN) A AYIERIL b $i H — i 5 Iy 22 e o 2 X 245 1) 22 8 BE AR XURE 3R VR P
SE PESRMEBE L S0E, ilid STGON S I S R AEAE Ay s b 2 2] h B B AR RS RALE, A MATD3 53 BO 1)
A Actor-Critic 2 SEHLZ L8 N R 98I & RIS ALAL.

I3 A0 LS NP v JE ] DL AN 43 A1 2B R ] R ARSI E (decentralized partially observable Markov
decision process, Dec-POMDP), ff FHJC4 G = (S, A, P, R, 0, N,~) 3w, HHUIREZS 0] s € S AR 238 [R5
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RES, WLEEN @ (05 nT IS BRIRN o; € O, BREENERIRN a = (ay, ..., an), BIHEEN i FIENTESSE N
a; = (vi,0;), For v, F1 0, FIRHLAE N FEAN e m) £ 38 5
P(s'|s,a1,...,an) IREHEBERE, RRPATHEINE o EHRBEMIRE s HRE] o M3, PP
IR AL G 2 50 IRBN B ) 58 B HLAR N @ LB (2, va) WA SR FE AN A% ) A 34T B8, B BN
(zt,y}), W RNFrR:
T, = z; + v; cosb;,
Yi = yi + visin6;, (10)
0; = 0; + Ab;,

Horr, AG; NG

2R A R BRI 2 BRI AT BT, £R8 B P e . pholE . A R TiASE S
AR H b5 B LRI AR o, HLEs AARIE IR S SR 2, i sURE 5T, NI B AT, AL
w NN A AR 2 ] — AR USRS, DR KM R BAS i), 4 /2 il ek 50 R sttt T

R = R; + Rs + Rs,

Rl = wp X ||p - pgoalHa (11)

Rgzwg XI27

R3 = w3z x I,

Horh, Ry AR B2, Mlas N5 B ARG BB WA A B S, Ry BRG], Ry NAESS 5E U, Hplds
NI BB 2 pi I 25 TR 2L R, 1o A Iy 9P WTRIE S A2 AT 55 58 T R 1, w; 2R AL EE 22488, 1
SE TAF B AR (AR R 8RR AT55 58 ) 72 SRR AR e AN MR 77, w; BRI I TAT S5 Rt A
SRR, BRATER B2 A AR LA ORI 280, B R AT 55 50 B R AR L 1 B ORIE 22 4 5 LD 3.

FOEHELRINI 4 s, A 4(a) FATBAE H, STG-MATD3 ] T XU Critic W48 2246 £E R I 25 3047 5
B AL TF, R RN Q (AR B AMEREATHEFE S8, ISR gtz . A, STG-MATD3 fE Critic
W 2% 5] N T EE R AL (graph attention network, GAT) 321 AR A GE4E 15 3E B OAREANTT 55 B4R RS B e
AR IR, 27 ) 715 s RN 0% 2R 0B, AT SE YR A H 0 2 ML 3 N D [RAT I B4R 4B, STG-MATD3 555 3 4
FEN AR Actor WZ%. Critic PIZEFTH AR LS. BB S5 R DI RE QN T .

(1) %8s (Actor) K%, Actor Wb HyIe 4 P8 BRI 00 024, J1 T2 PR 6 AL A HOXE 30
&, MRS WK 4(b) Fros, B 5 LAHLES A R SO0 I AT I8 A5 90 A A A N, T8 4 e 1 R i N\
FIE ST 21 BB FE, SR 5 20 B AR T T4 IE B0 5070 2 F A LA N TR] PR B 3 A< st 12k 0 2 () A8 L, o i o 4 i 42
J= i AL AR N B A S

(2) P (Critic) M%5. Critic MZES5HIMNE 4(c) Fis, FE440 BATH 1 2 2 BV 7 28 ok B AT I3 L 45
NI S BB, Critic P28 BWCIRAS B DL SRR, i@ & il S N 5B EEE
JIBE iy, WA 5 MG B R ReAR ¢ EZEN, @l SR ERMB S MRAN Q E Qu(s,a), N
Actor W28 S2 B S 15t

(3) HFrM . Actor A1 Critic [ H AR 2% S5 14 15 I 45 X 265 AH 7], 503508 et e SR S s 19 2 A TTAN 10X) 285 1Y) 2
B 2] H AR 2k F e I ZRid 2.

STG-MATD3 By g FR B 4(a) Fiw, FEARZEM B, HLEE AIME o; A ZE] Actor N m;(ailos; 0;) T
TR0, Horb 0; /2RI IS5, Actor 28 F SRS BA B2 T 1L B 3T 540 0, I, ok sk

Jr(0) = —Esnp min [Qy, (5, ), Qy, (5, )], (12)

b a /2 Actor P2 HH IR SN, Qg AN Qg, WA Critic MIZE AT Q 18, W T SIS B AR s T
KR EENE o B IES.
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Figure 4 (Color online) Training framework of the STG-MATD3-based multi-robot trajectory planning algorithm. (a) Algorithm
training process under the Actor-Critic architecture; (b) policy network architecture; (c) critic network architecture.
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Algorithm 1 Graph-based reinforcement learning.

Input: Environmental parameters, hyperparameters, policy network g, target actor my/, critic networks Qg, and Qg4,, target critics
Q¢’1 and Q¢/2, replay buffer D.

Main Loop:
1: for episode = 1 to max_episodes do
2:  Reset environment to get initial observations {o;};
3: Construct communication graph G; with node features x; = f,pf,ogk)];
4: Initialize hidden state hg;
5: for time step ¢ = 1 to max_steps do
6: Generate action a; via Actor network;
7: Execute ag, receive reward r¢, next observation o;41, done flag dy;
8: Update graph to G¢y1, store transition (G¢, ht—1,at, ¢, Gi+1, he,dt) in D;
9: Update hidden state: hy = GConvGRU(x¢, Gt, ht—1);
10: end for
11: for gradient update do
12: Sample batch B = {(s;, hs, ai,ri, s}, h},d;)} from D;
13: Compute target y = r + v(1 — d) min (Q¢'1 (s',a’ +e), Q¢/2 (s',a’ +¢));
14: Update critic parameters ¢1, ¢2;
15: Update actor parameter 6 via policy gradient;
16: Soft update target networks:
17: 0 710+ (1—1)0;
18 e Ton+ (1— 7)o
19: ¢h T2 + (1 — 7)Ph;
20: end for
21: end for

Output: Trained policy network my and critic networks Qg , Q.-

*1 FRESH.

Table 1 Environmental parameters.

Parameter Value Physical description
LxW 15m x 50 m Size of the underground space
Robot diameter 0.5 m Robot diameter
Robot observation range 5 Robot perception radius
[Vmin, Vmax] [0.2, 0.5] m/s Robot velocity range
[Omin, Omax] [0, 27] rad Steering angle range
O 10 Number of obstacle

5 SKEOHRT

5.1 SIIGRE

D EAEMSEAEEME 1 Fis, PEREN 15 m x 50 m B FRRE, 68 4 MESREEYIX, L
BT PR SR B R AR TR AT, b AL Be N L BRI e R RR M I B, WE 5 LB AT S H R
e MBS TE — i B L R s R, TR B G E FE A 45 2E R S5 50 m KA B R BIA B AR IR, N T BN I RE AL
P, MARBAAE B s SR G R, AN T 6 M ahSRSY (i 2 NI BEZLES) . 1 NEELE
EELBE. 2 ANHLT MBS, Bikisir M EIREE~: NVIDIA RTX 4090 2. Xeon Gold 6430 AbFEZS .
64 GB W17, BN Ubuntu.

STG-MATD3 5L LSk B AR 2 for, BEESIR . KRR IX KNS, HLas NS Es it 5
W DX 286 A Bz, I 28 5 R DR R AR T E IR R 2548, i N6 PS5 FT Bl = 4E B2 40 Sl 16 A 64, BIBARZK/N KR 3,
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*x 2 EEBsH.

Table 2 Algorithm parameters.

Parameter Value Description
Qg le—4 Actor network learning rate
[ le—4 Critic network learning rate
Batch size 512 Number of batch samples
Num-episode 3500 Total number of training episodes
o 0.3 Exploration noise intensity
A 0.98 Noise decay coefficient per episode
¥ 0.9 Reward discount factor
Node dimension 16 Dimension of the state space
Action dimension 2 Dimension of the action space
2.00
(a) 091 1 (b) —— Q-Value Standard Deviation (c) ——  Q-Value Difference
-5 084 175
07 1.50
104 2 3
3 g o6 5125
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Figure 5 (Color online) Trends of training stability metrics for STG-MATD3. (a) Q-value mean; (b) Q-value standard deviation;
(¢) Q-value difference between critics; (d) TD error; (e) difference between target and predicted @-values; (f) episode reward.
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Figure 6 (Color online) Comparison of the cumulative reward curves for the four algorithms.

* 3 STG-MATD3 SEEEEMKIEILL.
Table 3 Comparative analysis of planning efficiency between STG-MATD3 and benchmark algorithms.

Algorithm Neask (Y0) Lavg (m) Tiask (8) Rivoia (%) Tstep (s)
STG-MATD3 98.8 186.70 25.90 98.2 0.006
MATD3 0 267.91 48.67 62.8 0.00003
MADDPG 61.8 285.19 44.59 59.6 0.00002
MASAC 72.6 289.80 43.11 45.4 0.001

PEREE TSk B 5(b) 1 Q {EARHEZREE VIR e 4T 0 (7K, S Q ETINEB N E, B3 D2k,
RHEBUE LG . B 5(c) FR Critic 225 12840 B Z N, RIPIAS Critic W5 IZETISE— 81 Q EAS
i, FEIZR, X Critic 1 Q %5 . TD %2 A Critic Loss SISAEMRAE (W Critic ) Q HZER4 0.2, TD
w75 Critic Loss £ 0.13), &8 Critic AR HIEATHFIR S, Wl Q Em L Hir Q 18, KWt 7 fivHE#E
SERRSIEME. B 5(f) FI2BIMELE 1000 [FI& G HECERRBY B, TRGBURBILS, Fra SR R E A T
STG-MATD3 FEAEPEIRINE % th B G e PEAMRREEILARE ), A e BEEf B3R (i 1 T SEAK AR,

5.3 XTELSCIE

7 BE P PR EE R AR FA, IR ER 3 B AR ) 2 R Re AR AL S 2] BUEAE N R R R, B STG-MATD3 &
%5 MATD3 5% 30, MADDPG 5732 B3 Al MASAC 5y B4 #4706 b, 524 > SRR H 2 it ok ik
KM BBl FEAR PR BRI (1 22 5 5 EAT SR BB 1950, 4 FPARLVE ISP 85 RAR S il 2R A 6.

Kl 6 LBt 2608 STG-MATD3 B2l 2k, 5 H A SRl Hh 20 LL, FCALBE 72 I 2R s
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MASAC SN ZRI 8] 4514 59155, 70120, 69345 1 60122 s. STG-MATD3 Y ki[85, #%68 T STG-MATD3
R SRS AL RE S5, WA T HLA AR PSR Re ).
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Figure 7 (Color online) Average number of robots reaching the target point over 100 tests for different algorithms, where upper and
lower bounds represent the maximum and minimum number of robots reaching the target during the tests.
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Figure 8 (Color online) Comparison of trajectory length and safe distance distributions for different algorithms. (a) Trajectory
distance distribution; (b) minimum inter-robot distance distribution.
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Figure 9 (Color online) Trajectory planning results of different algorithms. (a) STG-MATD3; (b) MATD3; (c) MADDPG;
(d) MASAC.

% 4 TEIEAMHERESEIILL.

Table 4 Comparative of collaborative obstacle avoidance efficiency of different algorithms.

Algorithm Diin (m) Ninter Neol Cleol
STG-MATD3 1.17 1 11 (0.006, 0.037)
MATD3 0.63 113 557 (0.95, 1.27)
MADDPG 0.66 97 571 (0.96, 1.31)
MASAC 0.57 177 765 (1.35, 1.70)

AT RLR, EEIERNE . AP E.

F 4 W Daare 13K T AFFIELE 500 RMAX 3 B /ILEEE S Dynin~ PR EEEL Nipger SAAE T
RHL Neot F195% fill 4 B A X [A] Cleo bR, KAHHAR IR, STG-MATD3 5% B £ 5 I 1 Wik [7) i i 58 77,
8(b) FALk B RIR TZSEELE 500 YR A WL A IA) i /N B B8 A AR (R DY 0 AL BE AR T (1.0, 1.4] m (% 4 YE
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STG-MATD3 (KA 11 Ak, L 95% i B A5 X (8] Cleo N (0.006, 0.037), 1XT bLSA VAL B EA
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Figure 10 (Color online) Cumulative reward curves for different ablation strategies.

* 5 HMREUERGT

Table 5 Ablated models’ metric statistics.

Neural network Ntask (%) Lavg (m) Tiask (8) Ravoia (%) Dpin (m) Tstep (s)
STGCN-GAT 98.8 186.70 25.90 98.2 1.17 0.006
STGCN 97 203.14 27.58 98.4 1.12 0.011
GCN-GAT 0 311.98 48.63 87.2 1.30 0.002
GAT 0 270.37 48.71 92.6 1.26 0.00002
Single Critic 95.8 195.32 28.22 96 1.12 0.006

2K B, STGCN-GAT [RILEAR, HEEA T i 2= BRI 4 5 R IHLH], UITZRit f2 v 0 22 e
B BR EART HABELR, FEIZRZ 1000 25 J5 18 B —A m HARE IR /K P, 1IF BH 12 25 440 1Y) SR AR Ak 6 ) B 5.
HRAUEF STGON KR (i 2k, #H Lt STGON-GAT, STGCN [ il s FEug 18 (H 43 AU Fl GAT 1
GCN FIREAYLT, il STGON X i 23 RAE SR EL 1 B8 050k, (R SRy 2 UL AT fe 5 Bk S 25 032 24 i
KGR, FEUSICEEAR NS, R Critic 4510748 5 Critic 45845, FHMERERILE STGON ik, Ui B XL
Critci Z580'5 GAT 1EHAHFE, 7T LA RIS 2l 2 AR AR AL PERE. 4 GRU B RLS, GCN-GAT 1
KT BAL T STGCN-GAT, fUATF STGCN # GAT Z[f], i8] GON BERSHHE — & RIZE /M5 B, [HERuD
i A B AR IEC 12 2 SRR K I S BE ). GAT FORh 28 R A Critic 48 I B I LEI e 58
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TH RS BRI HELT 500 YK Monte Carlo MR, 5 R4 5 PR, BAAKE, AR D PS5t 8] Ty, #17E
EFYAIRILEIR N, {1/ STGCON-GAT [ RI/E K Z Hda s FIRIEAE, HAT K TEE neas B E] 98.8%, 1R
£ 186.70 m (IR IIPNIEIEES Loy, FINBEE R Ryvoia~ PRSI ) Tiag BIFRFRPEREIIIL T HARIH AL S 1)
PR MARZE I 11(a) BRIz R B A 1 IR, STGON-GAT #ir e AFa e, FUdi i S 7E 190 m A4
(2 RE A 3 A AXH B Crritic BRI SRR A STGON H AL Y SIFAT 55 58 BRI, 205 95.8% F1 97%, H.
BB B 40 AR B A, R R AR AR AN 2, UEAH T MATD3 [#IXU Critic W48 38R H/AMEX Q A
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Figure 11 (Color online) Comparison of trajectory and safe distance distributions across ablated models. (a) Trajectory distance
distribution; (b) minimum inter-robot distance distribution.

12 (MEREE) ERYZEERATHZIEAPEAXE. (a) BRIMBEERA 50%; (b) BEBYZEERA 100%.
Figure 12 (Color online) Multi-robot trajectory planning visualization with increased obstacle densities. (a) 50% increase; (b) 100%
increase.
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Table 6 Impact of obstacle density on planning performance.

Obstacle density increase Ntask (%) Lavg (m) Tiask (8) Ravoia (%) Cleo
+50% 99.4 193.13 24.16 80.2 (0.277, 0.43)
+100% 92.0 195.44 26.17 83.8 (0.216, 0.347)
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Figure 13 (Color online) Multi-robot trajectory planning visualization under four robot population scales. (a) n = 5; (b) n = T;
(¢)n=9; (d) n=11.
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Table 7 Planning performance and conflict statistics under different numbers of robots.

Number of robots Neask (Y0) Rivoia (%) Dpyin (m) Ninter Cleol
5 98.8 98.2 1.17 1 (0.006, 0.037)
7 99.4 94.2 0.88 11 (0.058, 0.137)
9 96.0 79.8 0.86 16 (0.267, 0.412)
11 96.8 64.0 0.69 61 (0.801, 1.222)
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Abstract In scenarios such as underground exploration and mine surveying, distributed multi-robot cooperation faces
communication challenges like wireless signal attenuation and multipath interference, which limit perception capabilities and
reduce information sharing, thereby affecting trajectory planning efficiency. This paper proposes a multi-robot trajectory
planning method based on spatio-temporal graph reinforcement learning. First, a small-scale fading channel model is used to
calculate the edge weights of the communication topology, and a trajectory planning model based on spatio-temporal graph
convolutional networks (STGCN) is constructed. Through multi-hop message passing with graph convolution, information
transmission across dynamic communication links is achieved, and a gated recurrent unit is introduced to memorize and
reconstruct observation information, enhancing the robot’s information perception in fading signal environments. Next,
a spatio-temporal graph-based multi-agent twin delayed deep deterministic policy gradient (STG-MATD3) algorithm is
designed based on spatio-temporal graph neural networks. It uses an Actor-Critic architecture to perform distributed strategy
training and optimization, enabling multi-robot trajectory planning. The results show that the STG-MATD3 algorithm
achieves a task completion rate of 98.8%, with an average trajectory distance shortened by 10.78%~18.59% compared to
baseline algorithms, significantly outperforming reinforcement learning algorithms such as MADDPG and MASAC. Finally,
ablation experiments and generalization tests validate the effectiveness and adaptability of the STGCN model in multi-robot
trajectory planning, enhancing the application potential of multi-robot underground exploration.

Keywords multi-robot, small-scale fading, spatio-temporal graph convolutional network, graph reinforcement learning,
trajectory planning



