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Figure 1 (Color online) Real-time scheduling framework for support tasks based on reinforcement learning
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= AV BE R B, AR w0 A R E ML R B 7 S AT IR AT B, AR A R T VEAE SR A K
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AT TN S T T, ABAE LB dlds s, ORBEAR 1 B2 S mE AT AT 75 AR SN A5 S Mgk AT 2h 28
TR BRI 2 RO I S AL IR T, T AN 52 S PR IS AT I AR A5 S e 4, o8 B 2 R SR S
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SEAY A 2T (6] — N ) 1) AR A A, P BB (agent) LA “BlEE” M7 AERR B P AT IR
R, [FIRSRAF AL RAE AT N, © REEAR I b M S R BAT 45 SR SR B 1 S 5t 2% > FEAS WA A o 5 5t
B, FEE A TR S R BN A AR 1 e S in) . T, AR SORE AL R B AR I 8 B8 1) R A
—ANEETER A AT R AT R R SIS FE (partially observable Markov decision processes, POMDP) [f]
gty PR 1), FEFEH T —Fh T DQN (deep Q-network) 781 (IR AN O A Ml S i 2 R0, A4
J R TG (1) £ B SR AR A AR L DR B A BE ) 32 50025 00 35 M SR AT 1 R 1R SN o B RN A3 28 A 2pL
FR PR AT M 5508 I R B A5 A DL P PR e SREAR T I S 2% e (1) AASIZIRE A Hh R 45328 bk £ B ik 7 7y LY
I 2Pl AR A= AR A AU &5 (2) AR D7 50 2% 2T FR AN AR S BRI 30 Py e R R Ay, 282 57
TG —HIE RSP FR bR, A IR HIUES . TEAL BN LR AE LR BE R GeH, ML AR B A b AR
W 3% 57 2 1) 4] S B DG P e ik oy — AN RS I @, sl ik 2H A A SRR AT SRR SN 1 B R G A 48
M 1 frs.
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Figure 2 (Color online) Common process of carrier-borne aircraft support operation
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ISR 22205 35 4 TN T IRIEAEAE RS, 26 5 TO0 AR AT T IIE S 2 4T; 25 6 i
W T AHICHE T AR, 28 7 WX SCHAT T A SR E.

2 [o)RRAEEA

PR AR PR B Al 2 EEAE fT R HAR b AT, 3SR 7T LAy D9 T A ORBEARAL, B> DR B il for e
BEANEEZ ARG, Hop B 2 ORI G 0 ORI b i mT DLBEAT AR B LA 52 B AT AR BER & T I
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L B SO SR A TR AR .
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FESBRIE A, ORE B0 T AN R L L DR B A b R Did 5 A T 1Y, — M ORFR BT — HL i
L B AT OREE AR, HABML AL BEHE BN S5 12 BT IR EL BRI — IR BT AT LA 2 A
By 3L =, — PSR B PR BRI AT A AT AE — A B A R B A L

EX2 (REIE)  —MREEV TR R A T8 7 = (w, ), Hod w FRMEAHITI,
¢ RoRZARBEAE b 75 2 PRI BT,

I H — SRR 75 2 58 A AR ORBE VR ML A T HE G IR A, (BB b ML 5 14T 2 B
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17, R RRE A — B RS R EEREAT iRk PR B, LBATUAR I 52 B BT 75 B0 ) R e B S L A 0l
DRI K.

EX3 (TREEbAL)  — DRSS RN =TC4 2 = (W, 1, k), Hrh W Fomiziiir g
FIBHIRRMY, | ROz R A, b Rom iz REE A & (B N LB SR

W OREE A B B RN, — B AR 15 5 LB AR A R RR 1, T OR R R fr
ANBERHE B AL B AT 15 52

EXa (TREIASE) UL 2 SO — NI G = (Z,E,0), Hh 2 € Z TR
—MREEIAL, ey € B FRIRIERRBEIRALN — 2514, 14 ey BB ¢y € C FoRRIBSALZ A2 3]
.

EX5 (M) 4 —HREEVES T M—ARESES 2, REREFNREEL
e T Z HRUUIRA, AL 2 HE G & 0 R Bl LA 8] BEAT 1 b DR b, (b i B8 i
28 HAR e/ MU A LB AL OR B4 Ml € R 18]

7 BRI, UL L W AT BARHEAT, B AT IO — A AT B Y. A
REET NV B 9 b A AL 8L DR s b A DB oz K L B R DA 73 P

3 RERFES]

AT 32 S AL EA L OR A Ml VG P SRS 1) 2% 3T, AR SORs ORE AR Ml S UL [ U ARy — AN 3 m]
AL 7R ] R RS RE (POMDP) i), A F £ 73 S A b DG $R 5 P 3RAG K BR BB IR 2R3 7
A L AR EL, 9 JiE B DR R Ml VG G PR E 26 PR SR I SO

3.1 HWEEN

7E POMDP #58Srb B0 e R4 24 11 2 GUIRAS B 2 sh AR S AT SR IR 3%, I WA BDIR A il
H R A 2, 1o 4 282 il i B 1) 1 9 AR 3RO 3 81 R S [FT . POMDP A5 AL & 4t 2 SO — ALt
I=(S, A, P(s'|s,a), R(s,a),Q,0,7). Hi, S KRx—HERIREE, A FrR—HABRMESE, P(s')s,a)
FRTERE THATEINMEZ G R ZPRS IIMER, R (s, a) FRIERE FHATIIERI 2L, Q Fom—4HM
REERE (MR BB EIE), O RRFA WSS (AR REARFE LS B4R 1N B £ 4b
TARAEWIMEER), v RARTE [0,1] X IHHUE 3R 7. A SR E i RE AR - BrA AL — 2[RI A 4
RIREES F = {fi, fo,- -, fu ), PRI BEUEARES BT E M OR B A7 IR ZS g AR A LAE b R B (1 4 S
155, AR R AL ORRE A7 B2 2 i 1 AE DR B B Ar DR R VR VR AL M R B (1) J= 38R 5. POMDP #5644
ZHE X WTF:

(1) KA S. BMMEMNUEPRES T DL —ANELE AL BT A AR AT DL S AT (] LR B b 1) — 4 1)
BN, BRI, MEHURESATE XN 0t s = (2,7) € S, Hrh 2 1 7 43 BIZRoR LR EH LT
A PR A AN BT R ARALZEAT B ORBEAE M. 2558 — MRBEEN SR G Z FRBEAENVER G T, |S| = | Z] < |

(2) BE A. ARSCH BN AT HAT IBIE 73 A7 W ORFF AR BAT 2. EAEIRES N, AL
WA L AT — TR OR B 1R ML B B2 AR B AR ML 58 B, AR5 FAFPAT I LRBE AR R 22 ). 725 A
RET, AN FLBT 7 IR 5 IGVEAT VL OR B, 1K 3 BOX A EALAE — 58 I (8] 9 TE i T AEAT
] —AMREEEE AL, FERFF TR T, TAVEE MENL ] L TREER, T —RES 400k
ARFF— B0 MENIEA B TR B ENESE &1t A,
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(3) WASHBBE P. BN M A ERZEDH o € Ay, oM HLE A EIEE of =
Ap % x Ay, BRIBIRA HRS BRAERR B h 7= A H6RS P(stH1 st al) : § % Ay x - x Ay — S.

(4) B R. R SMERBLEERT 155 ¢ RIMIATENE a; J5, RASH s, B9 o0 SEAH.

(5) RHMEEE 0. MBS ¢ HIEWIREL S x F - O 7225 15 FUSTFR BRI A iRy
S

(6) 4FHNET . NPT 1 B RE POMDP At K 2. 76 MIAHL (b (L A
S, AT RN T 15 73K SR KR S B A A, 70 28— R MR
FEEE T AR, FESHNE TR, BLREIRA R, = YT AR,

3.2 fRAET]

FEXF_ERESL POMDP 8, AT DQN Fkfgtht 1@ 1Rk e i 75 S-DQN
(strategy-deep Q-network) Hi%, HIEAARISIHE 1 Fiks.

Algorithm 1 Task scheduling strategy learning algorithm

Input: Current state s;, action a;, reward R, next state s;41.
Output: Next action a;y1.

1: Initialize the environment and target network;

2: while training is not completed do

3: #Step 1: collect experience;

4:  Randomly choose the next action ajy1 or a;4+1 = maxqaQ*(0(si, ai, R, si4+1));

5: Calculate the value of the target network and evaluation network, and store the transformation in model Mg;
6: #Step 2: update parameters;

7 Sample a batch of experience {s;, ai, R, $;j+1};

8: Update the target network and evaluation network;

9: end while

Return: a;1;.

B 1 AN ARESE T = {si, a5, R, si1 }, FeH s AMBHLZHACRE, 50 MBHLT—
WA, a; NITIEBEIE, R NHAT a; SRS s; FAN s IR, Bl o — 23k aia.
GEEE A R I B AR (55 1 47), 35T ORBEAT M Bugtt: e in i (58 3~5 17)
A B SH (5 6~8 1T). FNEFEEE 4 ATARIEFE P L 1 — 4 BOMERBENLIE S — D EIEE 0y B
IRYEACAZAE AT PE AN B KA A 2K max, Q* SKREFCRT AR 2t fe KA — D BIE @iy, FoB 0 A0
—ACERAE. U, AR — B A E R S S P ERAS (10 2o S M SR B A AL A . XS AT R
G AL AL DR Al S B DL JE S = 2] 1 7.

3.3 RES MY

N TSR S-DQN HIERISENE 2 S HOR, ARSCHAT T — SRS PFAE LA 7 ik, XA Orb
b7y BC PR DR Rl (S BEAT A2 I, DA S R BEAS SRS 1) 2 ST ORI A Sk i 53% 2 o,

SRS 1~5 47 E 2R PR A 75 B R AR RS Z, 25 6 AT IS A A il L #e sh = B
WAL ALY, XA AL 1% R AN NN BT HEF?, 15 BRI IR R 5 2. e, 28 74T
L HE PP 2R AL R H5 S-DQN THEPTE AL - 5 27 BEATILHE, RIS = 48 27 PALE, AL
BEAERT, VBT, S MR E; A LB SE A, U B el hrng 2=, A3 M
/N B JE I IR S, RAG B IR KA R, B2 UGB I & F BURVAPAT AR IS, Eh T

251



R QA BT R ) AR LOR SRt b S 4 2 5 v

Algorithm 2 Strategy evaluation algorithm

Input: A task 7 and station Z.
Output: The strategy evaluation reward Rs.
: if 7 need resource r then
Find all stations containing resource r and put them in set Z;

: else

1
2
3
4: Find all free stations and put them in set Z;
5: end if

6: Z' + sort the stations in Z by the shortest distance to the task;
7: Rs + reward function for strategy evaluation R(Z’, z);

Return: R;.

SRR S22 B BUE L, SO R0 5 Y1 2 S IR R 200

4 FEZOREK

FEEG RS0 TR CASRS 27 >) i A AR R I REL R B Far N, SIS LRI AR SR DR B Ml AT R P il 57 2 18]
IR AEILAC. AR s ILRC AR 558 3 49 Hh B dIA.

4.1 FEEREX

BT 3.2 /NI DR, ARG —NEURIHPIRE - S Em gL, RIS M. 4
SEHVIRSE 11 = {54, a4, R, iy}, FATATEATHSL S ATA 58N B AEZIE o, MBCHEE DY ARS Qs
% 3 Fron. WS A — 4L A OREE AR AR B L 51, o D DR ALk 1 P2 S 58 1 2B 00tk
TEJRINEL, B 2 DR AT S BIERE Mo B, BEJRAE 3~9 DR 17—l
FE + S TREREARE. RS ¢, LRI RC SR A 2 AT PR 0 A2 ORI ML AN OR B g £
Z IR B UL, FEAS R B2, IS H AR AT DU R D B X A A AL AR £ 21 e A R
2, LA R B ST AR R B 4 Rl as. 3k, AR LI EC Y H AR ek A2

N I
arg maxz ZRn(n,i)Am, (1)

n=0 i=0

Algorithm 3 Online task scheduling algorithm

Input: A set of tasks T' = {71, 72,...,Tn}.
Output: The scheduling strategy E.

1: Initialize the environment;

2: Load decision model Mg;

3: while |T| > 0 do

4: Observe the current environment and get the status s;;

5: Choose action a; based on decision model Mq;

6: Execute action a; and observe reward R and next state s;41;
7: S-DQN(s;, ai, R, 8i41);

8: Update environment;

9: end while
Return: E.
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1AL, Ry N 1; ML f, AELRBRBEIR » SS4FF A5 2 MG, R, 0. fEHRCERE S, 5 —
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Figure 3 (Color online) A scenario of 4 machines and 6 Figure 4 (Color online) A scenario of 8 machines and 16
stations stations
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® 1 MBENREELIFRE

Table 1 Details of carrier-borne aircraft support tasks

Support task Support time (s) Need resources
W1 1 No
W2 3 Yes
W3 3 Yes
W4 3 Yes
W5 3 No
W6 4 Yes
W7 4 No
W8 4 Yes
W9 2 No
W10 2 No
W11 5 Yes
W12 6 No
W13 6 Yes
W14 4 Yes
W15 1 No

W7

il
T

5

. Tasks requiring equipments

l:l Tasks not requiring equipments

5 (PILERRFZE) REE(EALBEFSE

Figure 5 (Color online) Task sequence

S AR PR — I 4 BRI EE S PATAES, AL ERGER 1 15 MR
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R ik 57 A DA TE 35 B A ORI R 55, AR AT FR AR ORI TR IR Ak 2 .

TESESE R, R HER 2 BBl PRI T 10 Mol T e AT 741 (W36 3), ALEALI OREEAE L
MIX 10 FENLFFI R BENLA B SRS, R B8 ER R 5 FPaEE 73 AT SR, RERP RN X R AR
P FFIRAFE 100 X, THEH 100 X BI-F 35 22 Jih (B AN X5 AR b vie J82 B[]

SEIG R AT B SISO R A, R E N 0.3, 0.2 A1 0.5; R REH, e R
FIBLHL 100, 22 XMEH R 0.8, 28 S MER HY 0.1, BRI 100; ZeMERLRIF, RECERE I RANME N 2
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SnEh, EEGIZR 7000 BRI,
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*® 2 MEHMREEEAOFE (6] 1)

Table 2 Details of aircraft carrier support stations (example 1)

Support station Number of resources Resources
P1 4 W2, W3, W4, W11
P2 W2, W3, W6, W13, W14

5
P3 5 W4, W6, W8, W13, W14
P4 8 W2, W3, W4, W6, W8, W11, W13, W14
P5 6

6

P6

W2, W3, W8, W11, W13, W14
W2, W4, W6, W8, W13, W14

* 3 REEMBITFINFE

Table 3 Execution sequences of support tasks

Sequence Resources
S1 W1, W2, W3, W4, W5, W6, W7, W8, W9, W10, W11, W12, W13, W14, W15
S2 W1, W2, W4, W3, W5, W6, W7, W8, W9, W10, W11, W12, W13, W14, W15
S3 W1, W3, W2, W4, W5, W6, W7, W8, W9, W10, W11, W12, W13, W14, W15
S4 W1, W2, W3, W4, W5, W6, W8, W7, W9, W10, W11, W12, W13, W14, W15
S5 W1, W2, W3, W4, W5, W6, W7, W8, W9, W10, W11, W12, W14, W13, W15
S6 W1, W2, W3, W4, W5, W6, W8, W7, W9, W10, W11, W12, W14, W13, W15
S7 W1, W4, W3, W2, W5, W6, W8, W7, W9, W10, W11, W12, W14, W13, W15
S8 W1, W3, W4, W2, W5, W6, W8, W7, W9, W10, W11, W12, W14, W13, W15
S9 W1, W3, W4, W2, W5, W6, W8, W7, W9, W10, W11, W12, W13, W14, W15
S10 W1, W3, W4, W2, W5, W6, W7, W8, W9, W10, W11, W12, W13, W14, W15

S s B BRI 8 ZEMLEHL T B AT AR ST, REARMLBNL TG e R 1 Bron i
15 A OREEAEMY, HARNV IR GRG0 & 5 o, &3 BORBE ARV A 24> DR Bl £ 7T LS A3 fR Fe B3 .
BRI, FHARE 16 ASPREREAEAL AT DUIE H SR ORI AR 5%, JLrTIR AR PR IF BTIR ISR 4 s, fEAR S,
PEMVIAAT Fr S S8 2 5K BB S S — A — 2L

5.4 SRS

MR 5.3 AN RS R BT 2 ARG, 3] T LR SEIR R, N OCKHR I i se s 45 .

(1) EBI—LERTH. B 6 M3 5 73R T 4 Bl 6 Sz 5 -F 1 S R RME X B AP 2 1Rk
Wi o7 FE Fof XoF L

SE S5 b 7 R 6 L AT DA, AR SC S-DQN 7 VEAEA FE ML HAT P 51 il 28 AR 10 i 5~
Fa, HSFERS Anma B ) [a) £ /0, 1 GA, LP, SA Fll Q-learning 5y 2R A AL IR FE R, TR A SC S-DQN
SEELE SRR SR PE 7 TR IR B . P32 S i (B LL T LLE ), AR3C S-DQN B3 21 1)
fiff BIEAICT GA, LP 1 SA, (HEI4F T Q-learning, Jf H7E /5 1] S50 3RATRAIE 1 BEE VRV A H 193G 2,
S-DQN [sRfE T BiEIT LP HALiE.

(2) LFIZEERSH. B 7 AL 6 73l s 8 Ml 16 Hihrdgy st 1135 s S E XF EL AP35 4 b vy
EFERT % L.

MBS L AT DL 7 KRRV S, A ST HR K S-DQN Sk AT A 78 S 4 A & 4 7 T
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Table 4 Details of aircraft carrier support stations (example 2)

Support station Number of resources Resources
P1 3 W2, W3, W11
P2 5 W2, W3, W6, W13, W14
P3 3 W6, W13, W14
P4 8 W2, W3, W4, W6, W8, W11, W13, W14
P5 8 W2, W3, W4, W6, W8, W11, W13, W14
P6 6 W2, W3, W6, W8, W13, W14
P7 8 W2, W3, W4, W6, W8, W11, W13, W14
P8 8 W2, W3, W4, W6, W8, W11, W13, W14
P9 6 W2, W3, W4, W6, W8, W11
P10 8 W2, W3, W4, W6, W8, W11, W13, W14
P11 7 W2, W3, W6, W8, W11, W13, W14
P12 5 W2, W3, W4, W6, W8
P13 2 W3, W11
P14 4 W8, W11, W13, W14
P15 8 W2, W3, W4, W6, W8, W11, W13, W14
P16 6 W2, W3, W4, W11, W13, W14

%5 FHELTMREL (6] 1)
Table 5 Comparison of average task response time (example 1)

Sequence Ours Q-learning SA LP GA
S1 0.0055 0.0069 0.509 0.636 0.464
S2 0.0048 0.0067 0.477 0.508 0.502
S3 0.0017 0.0051 0.490 0.607 0.525
S4 0.0083 0.0135 0.341 0.657 0.478
S5 0.0014 0.0128 0.508 0.518 0.499
S6 0.0055 0.0086 0.634 0.572 0.463
S7 0.0013 0.0146 0.438 0.696 0.454
S8 0.0014 0.0083 0.507 0.710 0.576
S9 0.0084 0.0015 0.596 0.602 0.507
S10 0.0061 0.0092 0.426 0.648 0.474

RIMMR, T GA, LP, SA Fll Q-learning 3%, 75 Ll ABIN 77 T KR T &, £ES 27 ) 2K .
R UE A SCRSR AR AT v A2 56 3 5 5 2L

N T IEARA RS 5 PSSR AR AR, B 7 — S, ERIESER B E S Bk —
R E —BHTIR T, I TR HAT P51 S1~S10 1ERFEAFF 5, fEHELA E4r 8K 2, 4, 6, 8
tr, BB XA R A BT 2, 4, 6, 8 3, IR ZAEEHAT 10 DMEISHCFME. 52 7 & 8 s

]

MBS T BLR th, A5 SCHUALE (LML KR, MR TR . FEh, SRl R 480
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%6 FHELIMRENIL (6] 2)
Table 6 Comparison of average task response time (example 2)
Sequence Ours Q-learning SA LP GA
S1 0.0275 0.3319 23.792 19.02 21.22
S2 0.0156 0.3219 23.586 20.28 18.67
S3 0.0152 0.3253 24.772 22.66 20.33
S4 0.0352 0.2292 18.764 19.60 27.09
S5 0.0121 0.3209 21.755 19.75 25.65
S6 0.0234 0.3281 25.815 18.96 20.20
S7 0.0128 0.2287 20.083 19.19 22.33
S8 0.0195 0.3224 20.313 24.77 21.17
S9 0.0115 0.2261 21.696 18.70 19.75
S10 0.0129 0.3283 20.797 22.46 22.38

Ja, ASCEIER R BRI B LP AN E A T UR R, I@IE 2 i e DU, 43 b, A SO iR ik
B AR JURR SR B & KA DR B A b S O 3 5

6 FMEXI{E

6.1 fEZEEE

E3D PS>y R (NI4T A0 i v 22 5 e s = S S L RTINS0 i 3 N 7 S
JE EAC AL T 2 AR X — SRS, 324 2 T AR AR A AT AL BRI B C E. Lin
S5 L RIAT 3 AR R REE, ISR Saess . e sl n) 6 A0 5205k, B0 LSO LIS e e
ZUBEAT THITSE. Lv & 101 &30 BE 58 PR B AT 35 AN TH Rt G FEAE 55 3 5, AT A% SR HEAT T LA
WUBZGIIE R SRR AL R AR AT TH, Feng 55 1 R 2 1AREORBE AT T M E 214 T
PRSI BN A5 LA, BB T 3 2 A A B PR Bl 0t S 25 T FEVE RE RO SE . Han 55 (12 557 BLR /)N
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Figure 8 (Color online) Comparison of total rewards for large-scale tasks
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AR, 28 BeAA RGUTE VIR BE L I PR SRAIHLAS N SE AR 2 T ) 7z o gt 14 15)) R A
R RN L — A 2 R )8, A A 2 ) BE AT SRR, Xu &5 D61 B SIHLRIT B IT
TC AR B — N R RIS o 56 ) 78, 33 Markov decision process (MDP) FLykxd Hat47 1R i, H
B B AE T AT P& b, B E TF ST B B AR, Wang 55 07 2 H T 3028 iR ILRT
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Real-time scheduling for carrier-borne aircraft support opera-
tions: a reinforcement learning approach

Yafei LI, Qingshun WU, Mingliang XU", Pei LV, Xiaoheng JIANG, Ruijie ZHU & Bing ZHOU

School of Information Engineering, Zhengzhou University, Zhengzhou 450001, China
* Corresponding author. E-mail: iexumingliang@zzu.edu.cn

Abstract The carrier-borne aircraft dispatch rate is an important indicator to measure the combat performance
of an aircraft carrier. The key factor affecting the carrier-borne aircraft dispatch rate is the efficiency of the
carrier aircraft support operation scheduling. Shipboard aircraft support operation scheduling refers to a rational
arrangement of the order of support operations required by the carrier aircraft as well as to an efficient completion
of the support operations for the carrier-borne aircraft under constraints of limited time, space, and resources.
The existing solution strategies based on optimization methods (dynamic programming, linear programming,
etc.) and heuristic methods (genetic algorithm, particle swarm optimization, etc.) are only suitable for operation
scheduling in the case of predictable operations, and it is challenging to meet the real-time support operation
scheduling requirements in highly dynamic combat scenarios. For this reason, a new real-time scheduling method
for carrier-borne aircraft support operations based on deep Q-networks (DQNs) is proposed. This method consists
of modeling the scheduling problem of aircraft support operations as a partially observable Markov decision
process (POMDP) problem. The global and long-term benefits are used to optimize the scheduling process, and
the decision-making framework of offline learning and online deployment is used to solve the scheduling problem
of aircraft support operations. The simulation results demonstrate that this new method can significantly improve
the efficiency of shipboard aircraft support operation scheduling, thus enabling to meet the needs of real-time

decision-making environments.

Keywords carrier-borne aircraft, support operations, real-time scheduling, reinforcement learning, simulations
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