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Two Stage Optimization Algorithm for Resource Leveling Problem

Hong Lee' - Jong Hun Woo"?'

"Department of Naval Architecture and Ocean Engineering, Seoul National University

*Research Institute of Marine Systems Engineering, Seoul National University

Resource leveling in shipyard mid-term scheduling is critical for operational efficiency, yet existing approaches
face significant limitations. Constraint programming methods suffer from computational scalability issues, while
Meta Heuristic algorithms show restricted search space exploration. This study proposes a two-stage
optimization framework integrating heuristic sequencing with reinforcement learning. In Stage 1, an Enhanced
Kahn's Algorithm generates efficient activity sequences by incorporating resource requirements and durations.
In Stage 2, Q-Learning dynamically determines optimal start times through episodic learning, progressively
minimizing resource variance. Experimental evaluations using actual shipyard mid-term scheduling data
demonstrate that the proposed algorithm achieves superior performance in large-scale problems compared to
constraint programming and Meta Heuristic approaches. Results indicate that heuristic-based sequencing
provides substantially improved computational efficiency, while reinforcement learning achieves rapid
convergence and superior outcomes. This research establishes the practical applicability of integrating heuristics
with reinforcement learning for complex industrial scheduling problems.
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S NAshs AFEo] 78 E o] St} Zhang and Yang(2017,
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Ponz-Tienda et al.(2017)< Parallel Branch and Bound &1.8]
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8] EetaAME A4t B84 Suiskelr] sl 4 AE
(Topological Sorting) ¢318] %<1 Kahn’s Algorithm(Kahn, 1962)
< &gato] HEHIE Z2A &4 AT Liu2014)0l o
2, Kahn’s Algorithm& B A3 1R3-S A3 AZE W
Aelshe A N ERES FASAAME Fa HEn|
Y £AE BAstEg, 4 79 dEHErt 429 e
YEYIAE As}7]d Agt 3}1’/}. E£3], Zhang et al.(2025)%
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2 fslsles B33 Alug] Lol A w3 B3-S Hoskele
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atal M A JolA 1F2 e & & AT 5 Al 8, A
F2 0 7 A HESEeH 22 viA AR EAOA B
Augt ~A & AIE St} B Aol A= Stage loﬂ/‘ﬂ
SEE AR HEHIE] A S D88t ShFo A &
EUo=ZH, 2AAL YA 2L UTE iixﬂéoﬂfﬂ
Z—«l A4 HEws AAE et Sk AR o R, 1T
Aol = 7|4 Kahn's Algorithm 714 F8] 288 E3) A4
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ZF Abe A O Shgeit) o] 28 29 B AT
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Table 1. Example of Activity Data

Activity es; ls; d, T P,
4, 1 2 1 1 -
A, 2 4 1 1 4,
A, 2 4 2 2 4,
A, 4 6 1 1| 44
es; <s;, <ls; Vi (1)
EA), X138 A F(Precedence Constraint) 413§ HE]H|E]

7} 59 o] 3ot 33 AEHET} FEL T UEE sk
Finish-to-Finish(FF) A & YehAt}

s;+d; < s, +d, ViEP, Vi€ A 2)

£ 8H4(Objective function)= L A AFEFe] B4k §

2 Hasse Aol

1 T
= —=xY(R(t)-R,,) ?3)

T =
AN R()E 199 & AANEE, R, & AA 710
B A ST T Z2AE A7) 717 Uehat

Ay
Az
Az
Ay
R(t) 1 0 3 2 0 1

Figure 1. Feasible Schedule of Table 1

<Figure 1> <Table 1> 7]%¥F A3 7}53t YA (Feasible
schedule) 5 U Bl JAE UERTE 5,2 1, 5,23, s,

&3, 5, 600 AlFetE GA o, ZF A58 A Aokt 7}
T AE AR Al BF ‘ﬂ—f—}q A 71Z( )= 6
ojn® Hit A AR, © 11702 AHEHH. Fo11
HRE 53lo] <Figure 1>9] HE 5 ;ﬁ‘fé}ff—(az)% 1.14Z A4
Hot o] o} & THAI & T8t HF R ALE T

3. 2ds
A HEsl BAo)A] 2 AEHIE) Y] &) B7He A AEH]

Elo] 27 Zof M} T2 08 WS o2 o E AR
Q3] 2= HEIHE|Y AJZF A7HE FA0 AA s Hale
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AL BER=7L 54
Herroelen(2002)2 ©]213t BREE £0]7] 98) 2
TAE 7 1Y =24 JAEA ZAE Befiske e
A3EATE (1) olH A2 AER|E 9] A2} AZMS AT

A7 Activity Sequencing), (2) ZF HEJHIE] S oJH A2} A|7E

o] WA A Q1 7k Activity Scheduling). ¥ 7= o3 2t
A ZHYHIE 7RISR 815, 7 DAl Fel2gH AT
et S A 28 -5 HES AlQkeit

Stage 1914= 7)41% Kahn's algorithm(Kahn, 1962) 7|8t &
g 285 Tl HERIE AA A E gt o)= A8 Aok
21 —|’5P 133 °“E]H]E17} 3 A e HT} A
g dugsd 2 A A
HS —’—F 1= LE% 0}04 U A4 AT B ES | fr

<3t} Stage 2914 = tabular Q-Learning 7147t
HEJHIE] &) H A A2 AITHE A 02
of g0l Aok 20E 1T 7T Al
2 ARSI, Q-tableS F3) 2+ ”’EH 33
2 A FAIA Q] daEE

SHCH(<Figure 2>).
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Enhanced Kahn's Algorithm

Figure 2. Framework of Proposed Algorithm

3.1 Stage 1: Enhanced Kahn’s algorithm

HeuE 2A A A= B B8 12 2 (Directed
Acyclic Graph, DAG)llA9] 914 AHE &A(Topological
Sorting Problem)® A4 2| 4= QUvt. 9bA A3 nio}f o] 2zt
HEJHIE] o] &) 7 A8 HERIE 9] A 2ol| whe} T2 ©
& wslsteg Ad) AEulE]7t S8 HEHIE R WA Al
ZF A AARsE A7 sttt ZRAE 2 A 7] o)A
7 AEHEE =5, S A= S 7 o=
EAHM, o]= £8o] 3= DAG 722 9T A4 4E
(Topological Sorting)< DAG«] TEXEEASY BAE A
HekA] G AR gt TAE, B ATdAE ol F
3 A AEHE 7} $AAH o E AAE = HERE 2AEY

TAE T2 £ A7) A= Kahn's algorithm S 7|HHO.2
ate, A AAR 1shE 71E %}J—ﬂiﬂ =

&l w2 JEPHIE A w2

ERTEL

Rofael 742l 3
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F3}ol Fel¥ A E =2t S TR 71E Kahn's al-
gorithmS F ¢ ZF4(in-degree)7} 091 = EHE] =212 2.2 A
st A& AASAT & ATl A= Harris(1990) o] 4
Tl AN AEBIE ] A AR )T L] & A
AHEEH(R,)F] BAE S Bato] A4 AREFol E SATE
SAENE Fog A S &8st Y AF7H 0 =EE F
oA A ARH(r, )T AJAIRNd,) ) Fol E sAUE ¢
A9 & Fofgit

Enhanced Kahn's algorithm®] 7412 A A}+= <Figure 2>}
2ot 27] @A A BE HEHIE S 1) A4S AlLtea,
19 2k7E 0] HEHIE S A A%t 3 #H(Queue)ol
F7Ft. Queueol A HEJHIEE A& S o= 1, < d,3ke] 7}
& HEHEE SAH 0 HY st HF HEHIE A E
A 73k Result Array®ll 5713t =417} 24 € AEHIEE
AQsta @2 HEHEE Y AE ThAl AlLkei Al
A 2] 271 00] | HEMIE] S Queuedl] AU =™, o]
HA-& ZE AEHIE] 7] Result Arrayol] F712 wj7h=] wHE-3F
T} HZFA O F Result Arrayw A8 A|oFS RHEatAA 24
Aol & HERIE7} A A 0 & v X E A & UERAT

<Figure 3> Enhanced Kahn’s algorithm®] 3 A&
<Table 1>9] HO|HE 7|§O& & oAtk Z7] e Al
in-degree7} 02! A, ©] Queuedl Z3+= o] A MA A= AH
Hth(Step 1) =417 289 A, 3 HHE N L =55 A9
83 A in-degreeS AlAFRITE in-degree A AIAHS F5) <=4
24 g HEHIE = A,, 4,7} Queuedl] F7HEH, 7 HE
HIEl 5 1, < d, 7O 2 A, 7F A e47FHH, 4, 7F 3¢
A7} Eo} thd HEHIE Y] A& 7 23T (Step 2) &
A3 U 0= in-degree AN ¥, A, 7F T2 wiA HH
B HEHIE Y A7 AR HA At (Step 3) £ XA H
<=3] A3 A S 18 5h= Kahn's algorithm ™ B
M3 A 7120S A st A JE8e) &

o o

morot

Indegree: 0

rxdi=2

v v v ¥
o]0 o ] 6 o ME==] o oo o el e iafe]
AzlA‘

Doovis | 2 |||

Figure 3. Example of Enhanced Kahn’s algorithm
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3.2 Stage 2: Q-Learning Algorithm

Stage 1914 A% AEHIE] Ao whel 2 HEH]E] <]
A7 N A7 EAH 02 AT B BAE 2t el
El7F 24 Aol wet Al o] Az AEE e she w4

J EAZ %
A G

E: 3
o} AA =24
L,
A

oL

9= H, Q-Learning 7|1+ 7}8}8k<5
S Hashels F3 AF A

I

“r

e
=

A
=

L=
oxl 1% ofm

> 1o m) b

AA Z2AE 2AF G S shte daiER
T of5] 258 WESEA 7} ofElulEle] A4

dol| tjgk 7HA & Shgete] HX Ao ® HA 2A S
Sk (<Figure 4>).
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| Stage 1: Enhanced Kahn’s Algorithm

Stage 2: Q-Learning Algorithm

B AT 4 JERE Y HA
Q-Learning 718} 73855
el-free 743}8lE YAEFO R, 879 dynamicsE HAIH O
& RagstA] gk A g5 AL I5T F ot
(Watkins and Dayan, 1992). £ &A= 2t AERIE S 7Fsd
A ZF A Zo] kel o] AHA o] B2 Q-tableS &85 tabular
W219] Q-Learning S 4-&-3kt}, o9 4= 79 85 T3l A
A ZZAE 2AEE HEA O A, 7t o9 A~ Trjr)
AL A4S RO state-action 2] 7FX](Q-value)E A7
Z 0 2 7)A3t}. Environment= AA7HA] AAHE 2AE A
B fAlskH, 2k AEHIE7F A8 7bsd A A R E
Ao E Ak 98-S R AEHE 9 75 Al
A2 o] A oF 271 & whEsl o gt A, AlRE S
A 2K Time Constraint) 2.2, A/ 2t ATk es, < t, <ls; ViZ
ol A7 S el Qlojof gt o]= 2 AEHIE i 7} =
EAE HA 44 WA A8 7hsd 718220 Az e E
Uepdeh, & AR A%2dL s +d, = s, +d,, VEP,
VieA SR A, T3 Ao utE-S ofn| gt & Aok Stage
18] Ao w2t 214 0 2 HER|EE v X8k Aol A
THOE AXEER, 7} AEHIE Y| 7Fsg AR AR S
< ol wix|E M3 HEPRIEEY 2AEd we} Gt
o}, 53] A3y HEJHE] ] YA Stage 19 9f3) oJv] AH =
FHO| B, Alof o] BAH o]Hq & Aok =& BT
aeste] ZF HEHE o] A8 7hse AZF AIZE Rghol ALk
%™, o]+= Q-Learning?] action spaceS 7% $+CT}. Environment
+ agent7} A EIgE A1 ZF AIZHS @A) A Foll WFSta, S
delo] AA 2AES] A AHEF 4t A= FEFE )
A3} reward 2 A 3-8k},

E 74| = Markov Decision Process(MDP)Z R @ & =™, o]
+ state(.9), action(A), reward(R), state transition probability
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(P) 2 FARE <85 AR P>22 Ho|HT] State= A 2
4 A e HEIHE i 02 Hojhh o7]A i HER|
E] Qld| 25 YEPAT Stage 1914 A8 E Ao whe} g
[EI7F 2212 0. 2 state = F] AW, 2} statet= 315 2 EJH]E]
o Az AIREE AAste AR A RS UERIT. HER|
B8] 2] 717k} A4 ARG S stateol] E3F9F O M, agent
< 2t AEHIE7L AA 2AE ) v A& S-S 13t T
R0 E A% AZES AT 4 9ok Action HE]H|E
o A& AlZto & H ol H Tt Q-table> EE HEIHIE Y| 7}
STAIF A EE TS FAHY, FAH R A
A e F 7P WE es, #FEH 7 =2 1s; #7149
AZE 9IS VIR AR AA JAEA Aldde
Environment’} @A) 2A1% e o} Ak 24 188t A
& 7453 AJZFAIZFEE mE27) (masking) 3, A B1E actionol]
el ARE Q-value7t o] ER T nheba] 2z AEn|E o] 4
A action space= stateS} FA| 2AE el wje} FH o2 A
4E k. Reward= 3173 HEHIEIZL AA 2A129] A4 A&
& Fakol] ]| = 7)o E(contribution) 2 & 2] Ft}. 7} state-ac-
tion 2ol th 3k BAFS 023} 2}

jus)

2 2
R(s,q) = 21—k @)

2
Olh—1

2 (@9 ke A AR A9 Dl(step)= Sl PI8HH, o7 =
kA FEHE]7EA] v X A E 0] A AR EAko|H,
2 k=19 AEHIE AR WX E 2AEY Ak
—’F«] rewards= 3 A2 AIZE A g o] A BARS %‘i/\lii
S oJulety, 39 rewards E4HE S7MAH S-S 9]¢

. olul, A2} AlZko] AAEA] o8- mlulj ] HEJHIE] S| Fs
BT 002 A= o] EA4F ALt A AR =5 HAS

HAE FI A & ALt 7Hsst e g T o] H T
A B AA e ddlo]HES 5 AHH B AHS Y
171 13 A=A o] A ETF 57 AEHIEE w4
AL o|H GAZIA FAE FH Fatl g A9
A5L vtysts Ao, F444 1AL dd 5ol A
A A ] Fal 5ol mxl 7AEE B ASE A A
= gia=y State transmonf—r 149 Ao whe} o AE M E
2 o] Fdt= AA 23 (deterministic) F 0] 2 A o] T}, HEH]
El 9| /\lX—T /\171_}0] ARH, state= FE 12 MY A4
4o AEMNE 13 1S AR(i+1,d,, ., ) O
HolHt. e o] Mol 1HH wAE w2, B A7 B
% TFEE 7 DA (Step) ol A o oAAR o] T GAEH
718Q1 FABAE ZEE AAEHAT &, §F GA A9
A2} AZE A8l (Action) S T3] Sl Al Q] HAo] 1A
e, 3 HEpuEEo] wiAE A AF ARE g
(Action space)E AR SO ZH T & A E0] dA E B
A A FEFE P o] HE = §HEZHQ] of| 9 A5 475

EN

_g

S

(o3
O

b ol

e

U

=

AN 2 o T do o2

N
rlr > 1N 2 o

ofr

B3l ol et ©AE AR 7He FEoEHE APH R
s, A o] AdElo] m2he] B 71 R Ek(Q-value)ll o] T
£ FEAE ot HA B4 Haslshs WEke
2 A4S HAsgith. BE HERIE Y A& AlRto] AR E]
A o747t FR2H Q-Leamning Y2 EL 7} oI AT
vlth Stage 1914 24" Aol wet ZE HEH|EIY] A2t
AZbe Ak o g Ash, 7 AA o thek Q-valueE U

o|Esto] Sttt A el 7A1A ke v 2t
WA, 7L o g AT A& A Hl AA 2R 2788k, $Al%
9 =49 A WA AEHERE ex4H o' Wit 7} o
EJH]E] ol O}3) Environment= A step 715 24 H HE|HIE
Of A2 AIZE I E refste] DA step o AA i HEH]
g9 7hsdt A& AT A S AlLteitt agentT e — greedy
AL wh A2 ARES A3 e —greedy AR EE e
BAOFE 7hsT NZF ARE T T2 = A (exploration) st
1, 8E 1—¢ O Z AA Q-value’} 7HE =2 Al AIZHE A
& (exploitation) 3t} T-A A &, 7} 7453 actionol] i A
g 52 vk Zo] Feojdnh

rQL 1 o

53
ik

o 1meifa=argmar, Q(s.a)
II(als) = ° ©)

€
otherwise

|A

J

2 (5)e A | A, state s AllA] 7HeF
F 27)ode L 2 AHESl] SET
2E7F A whe} ke AL
2 greedy ¢t actions 3|8 EE gt

action®] 7} <=o]t}, &
SAlS =85k, of 1)
2 FAAA AR Ao

€, =max (e, .6 ¢ e ") (6)

21 6)9NA €y 5 271 eBh, e, & Hd et me A o7
T W3 A= A goth Adgd AZ A1 dA 2A1E

] U9 5 11, Environment+ 313 HEHE] o] BAF 7| =5
ALYt rewardg WHEHSHTE, 0] % state= Th A9 HE]
HIE|Z Ho|HH, & AEHE Y AJZ A7to] 24 w7}
A o] FA & wHEdIth o9 ATVt FEEHE, HE 2AE
o] AA A A E4bs Alktstal H A E 74lg o
T e Aol whek ZF HEjHIE ol thal Q-valueE YU

O] Ed}, Q-values tha-2] Q-Learning Q|0 E F-41-& 55
7§21 tH(Clifton and Laber 2020).

Qs a;)—Q(s;, a,) +alr, +ymax, Qs , 1,a') — Q(s;.a,)) (7)

21 (N)lA s, state Q1 HEHIE], o, A A2 AIZE

(action), 7, = o3 HEJHIE} o] 4k 7] Ole—(reward) at

E(learning rate), v 1A (discount factor), s, , & Ther
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48] HEHIE S YEPATE vEA e AER|E] 9] 79 Th state
7} EA3FA] 2O B & (terminal state), max,Q(s;, ,a’) B
0.2 AE]H o] S22 rewardT HHY H T o] g Hullo|E
HAE Fa 24 AEnIE 9] A2 AZE el thek 714 7}
A& hFetH, Qtable> HXH o2 M HAo= YT
o AA shg A2 A E o AL S wHEEY, 7}
LT M AP 2AE F HA BAES TR E 2AES
HZ s = My g, gs5o] 8ol e} Q-valueZt $H4 3}
Hi, AP e 2AEY FHo] dEH A BES 23
< a3z 02 25t At

han
[
-t
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