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Abstract

We study a pharmaceutical scheduling problem with hybrid batch-continuous manufacturing
process in a distributed supply chain. The supply chain consists of heterogeneous plants and one
distribution center. Each plant adopts an unrelated permutation flow shop layout consisting of a
hybrid batch-continuous production line. Each pharmaceutical order is split and produced in multi-
production sites located in various regions. The pharmaceutical medicines manufactured by the
production sites are directly shipped to a distribution center To minimize the makespan, we
formulate the addressed scheduling problem as a mathematical model. To solve this model, we
propose four metaheuristics variants by applying two population-based metaheuristics to two
distinct solution structures. We compare the proposed metaheuristics to evaluate their performance
in the numerical experiments. Additionally, we present managerial insights through sensitivity
analysis.

Keywords: scheduling; pharmaceutical supply chain; batch and continuous flowshop-line; order
split; genetic algorithm; particle swarm optimization

1. Introduction

Pharmaceutical medicines for treating or preventing diseases are divided into two main
categories depending upon their manufacturing requirements: small molecules chemically
synthesized and biologics derived from biological sources [1]. The demand on the pharmaceutical
medicines is continuously increasing due to the impact of the COVID-19 pandemic, growing
healthcare, etc. By 2027, spending on global medicine is predicted to reach $1.9 trillion [2]. One of the
key concerns of the pharmaceutical manufacturing industry is establishing efficient production plans
and scheduling to quickly respond to the demand fluctuations during pandemic periods [1]. To
agilely handle the supply chain risk caused by the demand fluctuation,

In pharmaceutical supply chain, the production companies have been shifted their
manufacturing plants from centralized to decentralized. Due to the globalization of markets,
technological advancements, and other various factors in the pharmaceutical supply chain, it is
common to operate multi-production sites in various regions effectively, and integrating these
operations is very important [3-5]. In a distributed manufacturing (DM) strategy, production orders
are decentralized from one large plant to multiple smaller sites to enhance responsiveness and system
reliability while reducing production costs and shutdown risks. The COVID-19 pandemic has
accelerated the shift toward decentralized pharmaceutical manufacturing systems [6,7]. According
to Marques et al [8], DM strategy is an effective way for developing countries, where epidemics occur
frequently, to provide flexibility in response to sudden demand for medicines.
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In pharmaceutical manufacturing process, a hybrid batch-continuous manufacturing process
has recently gained attention to pharmaceutical manufacturing plants as an alternative
manufacturing process that enables flexible responses to uncertain pharmaceutical demand [8-12].
Pharmaceutical batch manufacturing simultaneously feeds inputs and produces intermediates or
final products at once. In contrast, continuous manufacturing steadily inputs materials and
continuously produces products during the operation [9,10]. The appropriate manufacturing varies
depending upon the characteristics of the pharmaceutical process [8]. For example, batch
manufacturing is effective for long processing times and multi-stage processes such as reaction or
refining. Continuous manufacturing is suitable for processes with short processing times and high
exothermic reactions, such as crystallization or tablet processing [9]. Therefore, many pharmaceutical
manufacturing plants require to equip the hybrid batch-continuous manufacturing process that
reflects the characteristics of pharmaceutical processes to enhance both productivity and quality.

In this paper, we study an integrated scheduling problem with heterogeneous manufacturing
plants and one distribution center (DC). In the two-stage pharmaceutical supply chain, hybrid batch-
continuous flowshop manufacturing processes and a direct-shopping delivery are used in response
to the flexible response to uncertain demand. The integrated manufacturing and delivery scheduling
problem in the two-stage pharmaceutical supply chain is called PS-HF&DS.

In each plant, an unrelated permutation flow shop layout consisting of a hybrid batch-
continuous production line is configured to produce various pharmaceuticals. Each pharmaceutical
order is split and produced in a distributed manner across the plants. The pharmaceutical products
are directly shipped to DC after production. To minimize the makespan, we should (i) split each
pharmaceutical order into sub-orders, (ii) assign the sub-orders to plants, and (iii) determine the
permutation sequence of production and direct shipment. We formulate PS-HF&DS as a
mathematical model. We propose genetic algorithm (GA) and particle swarm optimization (PSO),
and two solution structures, each with a unique decoding process. As a result, we develop four
variants, comprising two distinct solution structures for each metaheuristic to solve this model. We
conduct numerical experiments to verify and evaluate the proposed metaheuristics” performance.

The remainder of our study is organized as follows: In Section 2, we provide the literature
survey. In Section 3, we describe the addressed problem and the mathematical formulation. In Section
4, we describe the proposed metaheuristics. In Sections 5 and 6, we show the results of the numerical
experiment and sensitivity analysis, respectively. In Section 7, we summarize the conclusion.

2. Literature Survey

The addressed problem is related to the pharmaceutical scheduling and distributed permutation
flowshop scheduling (DPES) problems. We review relevant studies focusing on production systems,
manufacturing strategy, scheduling constraints, methodologies, and objective functions. Table 1
summarizes and classifies the reviewed literature.

A real-life pharmaceutical batch scheduling problem formed as a flowshop with multiple
processors (FSMP) was addressed in [13]. FSMP considered cleaning, changeover, etc., to minimize
total completion time. A hybrid genetic algorithm was proposed and demonstrated robust
performance through comparative experiments. The pharmaceutical scheduling problems in a multi-
stage batch plant were presented in [14,15]. A MIP-based decomposed heuristic was proposed to
solve the scheduling problem and verified by using the benchmark instances of a pharmaceutical
facility [14]. To minimize the makespan, they proposed a constraint programming model in [15]. The
planning and scheduling of multi-product in the multi-stage continuous plant problem was
addressed in [16]. To deal with the addressed problem, three novel MILP models were proposed. A
campaign planning and scheduling problem in biopharmaceutical manufacturing was tackled in [11].
The tackled problem considered batch and continuous processes, sequence-dependent changeovers,
etc. A mathematical model was developed, and managerial insights were presented by comparison
with the previously developed models.
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A distributed permutation flowshop scheduling (DPES) problem, first discussed in [17], has
attracted significant attention in the scheduling study. In the last decade, the DPFS problem was
extended with variants such as blocking and buffer constraints. The DPFS problem, considering a
blocking constraint, was studied in [18,19]. A variant of the iterated greedy algorithm, PBIG, was
proposed to minimize total flowtime [18]. To minimize makespan, an evolution strategy (ES) and two
mathematical models were proposed in [19]. DPFS with no-wait constraint was addressed in [20]. To
minimize the makespan, the general variable neighborhood search (GVNS) algorithm was proposed,
and the performance of the proposed GVNS was verified through computational experiments. A
distributed permutation heterogeneous flowshop scheduling with order acceptance constraint was
studied in [21]. To maximize profit, they proposed GA and PSO. In addition to these studies, DPFS
is extended with variants such as setup times constraint [22-24], order constraint [25], integration
with transportation [26,27], heterogeneous distributed plants [24,28], distributed hybrid flowshop
framework [29,30], and distributed assembly flowshop framework [31-33]. The variants of DPFS
have been studied with various methodologies: mathematical model [19,31], iterated greedy
algorithm [18,28], variable neighborhood search [20], evolutionary algorithm [19], fruit fly
optimization[23], etc. Additionally, variants of the DPFS problem are reviewed and classified in
[5,34].

We study the scheduling model simultaneously considering distributed manufacturing, hybrid
batch-continuous manufacturing, order splitting, direct shipping policy, and sequence-dependent
changeovers to minimize the makespan in the two-stage pharmaceutical supply chain. Despite the
practical advantages and necessity of the proposed integrated scheduling in the pharmaceutical
industry, to the best of our knowledge, there is no study for the scheduling model related in the
pharmaceutical supply chain due to a problem-complexity. Therefore, the contributions of this study
are as follows:

(1) We firstly address PS-HF&DS and formulate it as a MILP model to minimize the makespan.

(2) To efficiently solve the large-sized model, we independently apply GA and PSO to two distinct
solution representations. As a result, we propose four population-based metaheuristics variants.

(3) We present managerial insights derived from a sensitivity analysis evaluating the performance
of the metaheuristics depending upon the maximum algorithm computational time.

Table 1. Summary of literature survey.

PS OB]J.
STUDY BP CP DM CC) OS TR Constraint Methodology PROFIT  TIME
BASED BASED
[11] R v Campalgn, Shelf- Mathematical model v
life, etc.
[13] HGA
[14] MIP-based V N
decomposition
[15] N Campaign, Shelf- cr N
life, etc.

[16] \ MILP-based heuristic v

[17] vV MILP, VNS S
[18] v Blocking PBIG S
[19] v Blocking MIP, CP, ES S
[20] v No-wait GVNS S
[21] \/ v Order acceptance GA, PSO v

[22] v v DABC, Heuristic S
[23] v v DFFO S
[24] 3 v S MILP, NEABC S

) MILP, ORVND,

[25] \ Order constraint ORABC, ORIG v
[26] N N MILP, EBWO S
[27] N N Multi-objective MILP, MOBSO v S
[28] N IG_tb S
[29] \/ Hybrid flowshop Constructive heuristics J
[30] V Hybrid flowshop MILPs J
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[31] N Assembly MILP, Heuristic, VND S
[32] \ \ Assembly Heuristic, VND, IG v
[33] N v Assembly Heuristic, IG S
This N A 0 NNy MILP, GA, PSO \l

* PS: Pharmaceutical Scheduling; BP: Batch Process; CP: Continuous Process; DM: Distributed Manufacturing;
CO: Change-over (Setup); OS: Order Splitting; TR: Transportation; OB]J: Objective Value;.

3. Mathematical Model

We formulate the addressed problem as a mixed-integer-linear-programming (MILP) model.
We present the description and an illustrative example of the addressed problem in Section 3.1. In
Section 3.2, we present the MILP formulation. The sets, parameters, and variable are defined as
follows:

Set & Parameter

DF  Distributed plant set
TB  Batch task set
TC  Continuous task set
T  Total task set
1 Ordered pharmaceutical product set
L Sub-order set related to pharmaceutical order, L = I
ID  Pharmaceutical products and dummy product set, {0} U I
LD  Sub-orders related to pharmaceutical order and dummy set, LD = ID
W;  Order amount of pharmaceutical orderi € /
F1;  Type of pharmaceutical orderi € I
F2,  Type of production sub-orders ! € L
s Production rate of task t € T for pharmaceutical order i € I
PR, . ...
in distributed plant f € DF
! Production yield of task t € T for pharmaceutical order i € |
tt  indistributed plant f € DF
co’ Change-over time between pharmaceutical orders i, j € ID
Y in distributed plant f € DF
DTy  Delivery time between distributed plant f € DF and DC
M Large number

Decision Variable

zs  Equal to 1, if sub-order [ € L in distributed plant f € DF is assigned; Otherwise, 0;
pq{l Production amount of sub-order [ € L attask t € T in distributed plant f € DF
dsi  Production amount of sub-order | € L in distributed plant f € DF
5 Equal to 1, if sub-order j € LD is immediately preceded sub-order i € LD in distributed
b plant d € DF; Otherwise, 0;
um{ Manufacturing sequence of sub-order ! € LD in distributed plant f € DF

stfl Start time of sub-order! € LD attask t € T in distributed plant f € DF

pttfl Productions time of sub-order [ € LD attask t € T in distributed plant f € DF

ct{l Completion time of sub-order [ € LD attask t € T in distributed plant f € DF
cm{ Manufacturing completion time of sub-order [ € L in distributed plant f € DF

dclf Delivery completion time of sub-order [ € L in distributed plant f € DF

C;  Completion of pharmaceutical order i € I
Cmax Makespan

X

3.1. Problem Description

We assume that DC has the same number of vehicles as the number of plants to pick up the
produced pharmaceutical products from the plants. The detailed descriptions of the addressed PS-
HF&DS are as follows:
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(1) Each pharmaceutical order is split into sub-orders, and the production amount of each sub-order
is determined in the order splitting phase. The sum of the production amount of the sub-orders
must be equal to the order amount of the related order.

(2) The sub-orders are assigned to plants in the sub-order assigning phase. The processing time of
each sub-order differs at each task depending upon the distributed plant, and it is calculated
based on [16].

(3) In the permutation sequencing of production and direct shipment phase, we determine not only
the permutation sequence but also the start time and the completion time of each sub-order at
each task in the distributed plant. Between two consecutive continuous-task stages, for each sub-
order, the next task starts after the previous task starts, and the next task completes after the
previous task completes [16].

(4) The DC picks up the pharmaceutical products according to a direct shipping policy. Since
vehicle fleet utilization and routing are not within the scope of this study, the products are
directly delivered without allowing order-splitting and combining. The completion of the
pharmaceutical order is defined as the latest arrival time at the DC among all related sub-orders.

We illustrate the PS-HF&DS in Figure 1 with three pharmaceutical orders and two distributed
plants layouts as one batch task and two consecutive continuous task stages. Figure 1 (a) represents
the result of the order splitting and assigning, where bar charts represent the production amount of
each sub-order in every plant as a ratio. For bar charts of Figure 1 (a), the Y-axis represents the sub-
orders in each plant. Index Oif means the sub-order for the pharmaceutical order i produced in the
plant f. The X-axis represents the amount produced by each plant as a percentage of the total order
amount. We show the Gantt charts for plants and DC in Figure 1 (b). The permutation manufacturing
sequences of the sub-orders correspond to [0 = 03 —» 03] and [0? - 02] in the D-Plants 1 and
2, respectively. For each distributed plant, since stages C2 and C3 are two consecutive continuous
task stages, each sub-order begins task C3 before task C2 is finished. However, each sub-order
conducts task C2 only after task Bl is finished. In the shipping stage, each sub-order is directly
delivered to the DC after production. The completion time of each order is defined as the latest arrival
time of the sub-order related to the order.

4 I 4 I
o[ l87.5% 0z [h2.5%

02 | 22.2% 02| s
or| hoo.o% 02 0.0%

- J - J

Distributed Plant 1 Distributed Plant 2

(a) Result of order splitting
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Distributed Plant 1
Br:co| of [co:| o [col 03 |
c2 Lo 0} co] of Jeol ol |
c3 lco o | [icorfolfcol of | R
Distributed Plant 2
B1 07 | >
c [co] 02 | R
c3 lcol 12 | R
DC
vi DM\ of NN 0 | N\ o} |
A\ N0z |
(b) Gantt charts of distributed plants and DC
Figure 1. [llustrative example of HPS-DPSC.
3.2. Mixed-Integer-Linear-Programming Model
The objective function and constraints of MILP model can be formulated as follows:
Minimize Cp, g, (1)
Subject to
qp < M X zg Vf eDF,l€eL @)
W; < Yreprdn viel,l€L:F1; = F2, 3)
x! =0 Vf € DF, i € LD (4)
X4+ Bjerin X = 2p1 VfEDF, i€L (5)
x£+Z]eLL¢]x£ =Zfl VfEDF, i€L (6)
EiELZﬁ <MX Z,-ELxgj Vf € DF (7)
YierZpi SM X Xjey x].’; Vf € DF (8)
um! =0 Vf € DF ©9)
um/ <M x z/ Vf€EDF, i€l (10)
um! < ¥je, 7] VfEDF,i€L (11)
um/ +x/, <um! + M x (1-x/, VfEDF,i€LD,jEL:i#] (12)
pql, = ptl, x PR/, Vf€EDF,i€l,lELFl; =F2, teT (13)
VfEDF,i€el,leL:F1,=F2,teT:T #
pah X Y = pal,y,, 7 S (14)
VfEDF,iel,l€eL:F1,=F2,teT:T=
pal x Y] = ap |Tf| o (15)
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stl < M x z, VfEDF,l€EL teT (16)
ctl, < M x z VfEDF,l€L, tET (17)
st +pt! = ct] VfEDF, lEL tET (18)
ctl +cof < stl + M x (1 -, VfE€DF,ijeL:i#jteT (19)
coj; < st + M x (1-x{) VfEDFi€L:i#jteT (20)
ctl <stl  +Mx(1-z) Vf€E€DF, leL tETB 1)
sth<sth+Mx(1-2zp) VFEDF I€EL:i,jETC:i<] (22)
ct55ct]!§+Mx(1—zﬂ) VfEDFIEL:i,jETC:i<j (23)
cth <emf + M x (1-z,) VfEDFlEL tET:t =T (24)
em/ + DTy < dcf + M x (1 - z5) VfE€DF,lEL (25)
de/ +2xDTy <dc/ +Mx(1-x/) VfEeDFijeLi#j (26)
em/ + DTy < dcf + M x (1 - x}) VfEDF,l€L 27)
def < ¢ Vf EDF,i €1l € L:F1; = F2, (28)
C; < Crax viel (29)
27, %}, €{0,13} Vf €DF,l€L,jELD,j€ELD (30)
pal, ap eml, dcf =0 VfEDFIlELtET 31)
sth,pt!,ct! >0 vI€LD,t€T,f €DF (32)
€20 viel (33)

Constraint (1) represents the objective function of the proposed PS-HF&DS to minimize the
makespan. Constraints (2) and (3) determine the production amount of each sub-order in every plant.
The permutation manufacturing sequence in each distributed plant is determined by constraints (4)
to (12). The production sequence of the sub-orders i and j in the distributed plant f are
determined by in Constraints (5) and (6). Constraints (7) - (8) ensure that if there is any sub-order i
assigned to the distributed plant f, the first and last manufacturing sequence order must exist in the
distributed plant f. Constraints (9) — (12) prevent sub-tours in distributed plant f. Constraints (13)
— (24) represent the permutation sequencing phase. Constraints (13) — (15) calculate the production
time of the sub-order [ in each task and its production amount based on [35]. Constraints (16) — (18)
represent the relationship among start, production, and completion times of sub-order [. Constraints
(19) - (20) calculate start and completion times of sub-orders i and j within a task. Constraint (21)
calculates start and completion times between consecutive batch tasks ¢t and t + 1. Constraints (22)
and (23) calculate start and completion times of sub-order [ between continuous tasks t and ¢ + 1.
The manufacturing completion time of sub-order [ in distributed plant f is calculated by constraint
(24). Constraints (25) — (29) represent the shipping stage. Constraints (25) and (26) calculate the
delivery completion time of sub-order [ in distributed plant f. For each plant f, the first
manufactured sub-order [ is delivered and calculated the delivery completion time by Constraint
(27). The completion time of pharmaceutical sub-order i and makespan are calculated by constraint
(28) and (29), respectively. Constraints (30) — (33) are binary and non-negative constraints for decision
variables.

4. Metaheuristics

Since DPFS problem has been proven NP-hard problem [25], the large-sized proposed problem
is not able to be solved within a limited time by the MILP model. Hence, we propose genetic
algorithm (GA) and particle swarm optimization (PSO) to solve and find the optimal solutions of the
reasonable computational time. GA and PSO have demonstrated good performance in related studies
[36-40]. We introduce two distinct solution structures with unique decoding processes. The first
structure determines order splitting, assignment, and permutation sequence through solution
structure in the decoding process, and we refer to a metaheuristic using this solution structure as
*_OFP. The second structure one also determines order splitting and permutation sequence by
solution structure. However, the plant assignment is determined via a completion time-based

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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assignment heuristic (CAH) in the decoding process. We refer to a metaheuristic using this solution
structure as *_OP-CAH. Consequently, we develop four variants, GA_OFP, GA_OP-CAH, PSO_OFP,
and PSO_OP-CAH, and these four variants are classified in Figure 2.

Metaheuristics

|
v v

GA PSO
[ [
Solution Representation Solution Representation
[ I
v v v v
GA_OFP GA_OP-CAH PSO_OFP PSO_OP-CAH

Figure 2. Classification of metaheuristics.

4.1. Solution Structure and Decoding PROCESS for *_OFP

*_OFP uses three one-dimensional arrays as an encoded solution. Arrays 1 and 3 are represented
as decimals generated by following a uniform distribution U(0,1) with |DF| X |I| length. Array 2
is represented as an integer generated by following a discrete uniform distribution unif{1, |DF|}
with |[DF| X |I| length. An example of an encoded solution is illustrated in Figure 3. Figure 3 (a)
shows an encoded solution using the data from Figure 1. Arrays 1, 2, and 3 correspond to [0.210,
0.030, 0.042, 0.0148, 0.563, 0.317], [1, 2, 2, 1, 1, 1], and [0.071, 0.384, 0.859, 0.413, 0.802, 0.273],
respectively.

Array 1 splits each pharmaceutical order into |DF| virtual sub-orders. It also calculates the
production amount of each virtual sub-order by normalizing the decimal elements of Array 1 related
to order i. Each virtual sub-order is assigned to a plant based on the integer elements of Array 2. The
actual sub-orders and production amount of the sub-order related to order i are determined for each
plant via decoding Arrays 1 and 2. Figure 3 (b) illustrates the process of the order splitting using
Arrayl. In Figure 3 (b), Array 1 is decoded as the production percentage array. Array 1 [0.210, 0.030,

0.042, 0.148, 0.563, 0.317] becomes
[ 0.210 ’ 0.030 ’ 0.148 ’ 0.042 , 0.563 , 0.317 ] as [87.5 (%), 125 (%), 7.8
0.210+0.030° 0.210+0.030’ 0.148+0.042 " 0.148+0.042’ 0.563+0.317 ’ 0.563+0.317

(%), 22.2 (%), 64.0 (%), 36.0 (%)]. Since the elements 0.210 and 0.030 are related to pharmaceutical

. 0.210 0.030
order 1, these elements are normalized as an
0.210+0.030 0.210+0.030

illustrates assigning each virtual sub-order into plant f using Array 2. For pharmaceutical order 3,

, respectively. Figure 3 (c)

since every virtual sub-order is assigned to the distributed plant 1, the production amount of the
actual sub-order related to order 3 in the distributed plant 1, ¢, 3, is represented as 100.0 (%).

Array 3 indicates the production and direct shipping sequence of the sub-order Oif by sorting
the elements of Array 3 in increasing order. Each sub-order Oif is produced at the earliest possible
start time St[l in each task ¢t in distributed plant f.Figure 3 (d) illustrates the production and direct
shipping sequence of each sub-order within a distributed plant corresponding to the Gantt chart in
Figure 1 (a).

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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(a) Encoded solution structure
1 2 3
I
Array 1 0.210 0.030 0.042 0.148 0.563 0.317
Array 2 1 2 2 1 1 1
f
0; 0} 03 03 0? 03 03
Array 3 | 0.071 0.384 0.859 0.413 0.802 0.273
*Oif : sub-order related to pharmaceutical order i € I produced in plant f € F.
i=1 i=1 i=2 i=2 i=3 i=3
020 | o003 | o042 | 0148 | o053 | 0317

L \:;><::/ \i L \:><:/ \l
0.210 0.030 0.042 0.148 0.563 0.317
(%) (%) (%) (%) (%)
0.210+0.030 0.210+0.030 0.148+0.042 0.148+0.042 0.563+0.317 0.563+0.317

l l l l l l

i=1 i=1 i=2 i =2 i=3 i=3
| 87500 | 12500 | 778%) | 2220 | 640%) | 3600 |

(%)

(b) Determining process of order splitting with Array 1

i=1 i=1 i=2 i=2 i=3 i=3
| 8715% | 125% | 778% | 2220% | e40% | 360% |
R

411 412 d13 421 ey 423
| 8715% | 222% | 1000% | 125% | 778% | o00%

*q1: Production amount of sub-order related to order [ € I produced in plant f € F.

(c) Determining process of order assignment

DF 1 0} (87.5 %) 01 (222 %) 0} (100.0 %)

DF 2 0% (12.5 %) 0% (77.8 %)

(d) Production and direct shipping sequence

Figure 3. Solution representation and decoding process of OFP algorithm.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202603.1065.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 13 March 2026 d0i:10.20944/preprints202603.1065.v1

10 of 22

4.2. Solution Structure and Decoding Process for *_ OP-CAH

* OP-CAH uses two one-dimensional arrays as an encoded solution. Arrays 1 and 2 are
represented as decimals generated following a uniform distribution U(0,1) with |[DF| x |I| length.
The production amount of each virtual sub-order is determined by decoding Array 1 as illustrated in
Figure 3 (b). Array 2 indicates the assigning sequence of the virtual sub-orders by sorting its elements
in increasing order. We determine the sub-order assignment by using a completion time-based
assignment heuristic (CAH). In CAH, the current dispatching sub-order is virtually assigned to all
plants and then assigned into the plant with the minimum delivery completion time. The pseudocode
of CAH is as follows:

Pseudo code 1: Completion time-based assignment heuristic
Input: Order List of the sub-orders
Output: C,,,y

1: Begin
2: Let Op as xth sorted virtual sub-order in the Order List
3 Let i* as pharmaceutical order related to Oy
4: Let qjy as the production amount of Ojy
5: Let dispatching index x « 1
6: For (1 < x < |DF| x |I])
7 For (f € DF)
8: Let g7+ as virtual production amount of sub-order related to order i* in
plant f
9: If order i* is not assigned into distributed plant f
10: drr < i
11: Else
12: e < Grir + 4
13: End If
14 Let Vdc, virtual delivery completion time of O, when the sub-order is
assigned into distributed plant f
15: Calculate Vdcy based on ¢,
16: End For
17: Assign Oy into f* « al}%anFin Vdcy and update dci’;* « }1E11Dr} Vdce
18: From dcif**, backwardly update sttfl and Cttfl, VteT
19: Update qg++ < qp+* + qpx
20: End For
21 Calculate C,,4, following Constraints (28) — (29)
22: End

4.3. Genetic Algorithm

GA utilizes a set of encoded solutions called chromosomes as a population. It consists of several
processes: initialization, decoding, evaluation, selection, and crossover and mutation. A population
is initially created using distribution U(0,1) and unif{1,|DF|} in the initialization process. In the
decoding process, to obtain C,,,y, each chromosome is decoded by following Sections 4.1 and 4.2.
The fitness of each chromosome i, F(i) is calculated by Eq. (34) in the evaluation process.
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FO =1/,

max

(34)

, where Cl, denotes Cp,, obtained by chromosome i. In the selection process, we adopt a
selection mechanism, the roulette wheel method.. For the crossover operation, a one-cut crossover is

conducted. For the mutation operation, Arrays 1 and 2 are tweaked by uniform and swap mutations,
respectively. Figure 4 indicates the flow charts of the proposed GA.

/ Input parameter /

y

Initialization

Generate initial population

<
<

GA OFP | + GA OP-CAH
Decoding Decoding
Decode chromosomes Decode chromosomes
following pection 4.1 tollowing $ection 4.2
Evaluation

Calculate C,,,, and measure fitess

\ 4

Selection

Select parent population

A\ 4

Crossover & Mutation

Conduct One cut-point crossover

Satisfy stop condition?

/ Output the results /

Figure 4. Flow chart of GA_ OFP and GA_OP-CAH.
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4.4. Particle Swarm Optimization

PSO utilizes a set of encoded solutions called particles as a swarm. It consists of several
processes: initialization, decoding, evaluation, best position update, and velocity and position
update. The initialization, decoding, and evaluation processes of PSO are identical with GA. In the
best position update process, the personal and global best position vectors are updated by following
Egs.(35) - (36)

P Pf, otherwise

Gt e {ng' F(Xp) > F(GY) (36)

Gt, otherwise
, where X,,, B, and G represent position and personal best position vectors of particle p and global
best position vector in iteration t, respectively. Each array of the position and velocity vectors are
independently updated by following Egs. (37) — (39) in the velocity and position update processes,
respectively. The vectors represented as U(0,1) are updated by following Egs. (37) - (38)

VIt e wx Vf + ¢, x U(0,1) x (Bf —XE) + ¢, x U(0,1) x (Gt — X%) (37

X£+1 — th’ + th+1 (38)

, where w, ¢, and ¢, represent weight, cognitive coefficient and social coefficient, respectively. V;/**
represents velocity vector in iteration t. The position vectors represented as unif{l,npr} are
updated by following Eq. (39) referring pan et al. [41]

X5+1 « ,QF; (61®Fz (W®F1(X1§)’ Ppt)’ Gt) 9

, where F;, F,, and F; are mutation and crossover operators [41]. The pseudocode of Eq. (39) is as
follows:
Pseudo code 2: The position vector of the Array 2 update process
Input: Position vector of the Array 2 X5, weight w, cognitive coefficient c;, social coefficient ¢,
Output: Updated position vector of the Array 2 X;**

1: Begin
2: T, 1,13 < U(O, 1)
3: Ifrn<w
4: VIARRS mutation(Xzﬁ)
5: Else
6: VIARRD ¢
7 End If
8: Ifr,<c
9: St crossover(/lgﬂ, sz)
10: Else
11: St « Pf
12: End If
13: If T3 < C2
14: X5t < crossover((S{,“, GY)
15: Else
16: X£+1 P 61L;+1
17: End If
18: End

, where mutation and crossover mean swap mutation and one-cut crossover, respectively.
Figure 5 indicates the flow charts of the proposed PSO.
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/ Input parameter /

A 4
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Generate initial swarm
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PSO OFP ¢ ¢ PSO OP-CAH

Decoding Decoding

Decode particles following Decode particles following
Sect1<|>n 4.1 Sectlclm 472

Evaluation
Calculate C,,,, and measure fitnjess

Y

Best position vector update
Update personal best position ve¢tor

PSO OFP ¢ J PSO OP-CAH

Velocity & Position vector update Velocity & Position vector update

Update each vector following Update each vector following

| |

Satisfy stop condition?

/ Output the results /

Figure 5. Flow chart of PSO_ OFP and PSO_OP-CAH.

5. Experiments

We conduct numerical experiments to validate the proposed metaheuristics’ performance. The
complexity of PS-HF&DS is affected by the number of virtual sub-orders, which is the interaction
between the number of ordered pharmaceutical products and distributed plants, [DF| X [I].
Therefore, depending upon the size of |DF| and |I|, we generate two types of instances, which are
small-sized and large-sized. |DF| is {2,3}, and |I| is {6,8,10} in the small-sized instances. |DF| is
{4,5,6}, and |I| is {40,50,60} in the large-sized instances.

To reflect the features of the pharmaceutical supply chain, we generate the experimental
parameters by referring to other related studies. For the manufacturing process layouts, we adopt
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three flowshop layouts as {(C,C),(B,C,C),(B,C,C,B)} presented in [11], in which B and C
represent batch and continuous tasks, respectively. Since no study simultaneously considers
sequence-dependent change-over time, batch and continuous tasks, and distributed manufacturing,
we randomly generate change-over time, production rate, and production yield by referring to
pharmaceutical scheduling studies [11,14,16]. In addition, we determine weight of pharmaceutical
order, W;, by discrete uniform distribution unif{|DF|, 3 x [DF|} and the delivery time between
distributed plant and DC as Manhattan distance.

For every instance, we replicate the proposed metaheuristics 30 times with the maximum
computational time as |[DF| X |I| x 0.5. The performance measures of small and large size instances
are absolute and relative percentage deviation (ARPD) as follows:

best — alg;
ARPD; (%) = % x 100, (40)

, where alg; and best are solution obtained by metaheuristic i and the best solution, respectively.
Within the limited time, if the MILP model finds the optimal solutions of the small-sized instances,
best means optimal solution. MILP model and metaheuristics are implemented by IBM ILOG CPLEX
22.1.1 and Python IDE, respectively. We use experimental environment as an Intel Core i7-13700KF
3.40GHz CPU.

5.1. Parameter Calibration

We calibrate metaheuristic parameters by using the two-phase calibration method [42,43]. For
GA_OFP and GA_OP-CAH, the popsize (P) and crossover and mutation rates (CR,MR) are
calibrated. For PSO_OFP and PSO_OP-CAH, the swarm size (S), weight (w), and cognitive and
social coefficients (cy,c,) are calibrated. Every metaheuristic metaheuristic use the stopping criterion
as a maximum CPU time, |[DF| x |I| X 0.5 seconds. Especially, we set the parameters P and S as
|IDF| x |I| x x, and we determine x in the two-phase calibration. To calibrate the parameters, three
experimental instances are randomly generated and run five replications.

Table 2 shows the result of the parameter calibration with the best parameters of each
metaheuristic in bold. For each parameter, if the best value is the largest or smallest candidate in the
first calibration phase, we conduct the second phase to finely tune the parameter. For the GA_OFP,
P, CR,and MR are1.00,0.70, and 0.15. For the GA_OP-CAH, P, CR,and MR are 1.00, 0.40, and 0.15.
For PSO_OFP, S, w, ¢y, and c, are 0.75,0.45,0.20, and 0.30. For PSO_OP-CAH, S, w, c¢;,and c, are
1.00, 0.40, 0.15, and 0.50. We set the termination condition of every metaheuristic as the maximum
computational time, |DF| X |I| X 0.5 seconds.

Table 2. Calibration of algorithm parameters.

Metaheuristic Parameter First Calibration Second Calibration

GA_OFP P 0.50, 1.00, 1.50 -
CR 0.40, 0.50, 0.60 0.60, 0.70

MU 0.10, 0.15, 0.20 -

GA_OP-CAH P 0.50, 1.00, 1.50 -
CR 0.20, 0.30, 0.40 0.40, 0.50
MU 0.05, 0.10, 0.15 0.15, 0.20
PSO_OFP S 0.75,1.00, 1.25 0.50, 0.75
w 0.15, 0.25, 0.35 0.35, 0.45
Cq 0.20, 0.30, 0.40 0.10, 0.20
Cy 0.15, 0.20, 0.25 0.25,0.30

PSO_OP-CAH S 0.50, 1.00, 1.50 -
w 0.10, 0.20, 0.30 0.30, 0.40
Cq 0.20, 0.25, 0.30 0.15, 0.20
Cy 0.30,0.35,0.40 0.40, 0.50
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5.2. Experiment Results

In Table 3, the results of the small-sized experiments are shown with the median of ARPD and

computational time (CPU). We validate the proposed four metaheuristics with the MILP model

described in Section 3.2. We limit the maximum computational time of the MILP model to 1,800

seconds. If the MILP model does not solve the instance within 1,800 seconds, we mark the OBJ and
CPU time as the best feasible solution obtained by CPLEX IBM ILOG and 1,800++, respectively.
Otherwise, we mark the OBJ as the optimal solution with a star symbol. The averages of median
ARPD of GA_OFP, PSO_OFP, GA_OP-CAH, and PSO_OP-CAH are 3.43, 4.72, 1.94, and 3.15,
respectively. Every proposed metaheuristic shows the average of median ARPD within 5.0%.

Table 3. Median ARPD results of small-sized experiments.

Flowsho MILP * OFP * OP-CAH
Ins. p |DF| 1] best OBJ CPU GA_OF  PSO_OF GA_OP- PSO_OP-
Layout time P P CAH CAH

1 €0 2 6 775.75 775.75*% 21.40 3.09 3.09 1.49 0.54
2 8 905.78 932.33 1800++ 3.26 3.26 1.83 2.90
3 10 1180.00 1180.00 1800++ 3.15 3.15 1.82 3.14
4 3 6 551.31 551.31*  1772.86 4.07 5.38 0.00 0.00
5 8 897.20 917.43 1800++ 2.48 3.46 2.25 2.96
6 10 1116.71 1177.71 1800++ 2.96 7.59 3.38 7.27
7 (B,C,C) 2 6 1166.22  1166.22* 27.28 1.57 1.84 0.97 1.02
8 8 1128.22 1128.22 1800++ 2.92 4.96 1.52 1.89
9 10 1688.84 1714.11 1800++ 3.33 3.89 1.12 2.00
10 3 6 796.67 802.53 1800++ 2.14 2.80 0.54 2.32
11 8 1024.54 1025.19 1800++ 2.74 5.13 2.10 3.49
12 10 969.67 1076.16 1800++ 4.98 9.03 3.38 591
13 (B,C,C,B) 2 6 785.69 785.69* 19.27 0.20 0.60 0.00 0.13
14 8 988.99 1030.32 1800++ 7.37 7.48 2.79 4.65
15 10 137541 1455.89 1800++ 6.23 6.23 2.25 4.43
16 3 6 993.00 1002.67 1800++ 3.73 4.45 3.41 4.41
17 8 1225.88 1259.31 1800++ 3.29 6.05 3.22 4.71
18 10 1473.00 1555.06 1800++ 4.24 6.62 2.82 4.89

Avg. 1057.94 1085.33  1506.71 3.43 4.72 1.94 3.15

* Terminate condition: Maximum CPU time, |DF| X |I| X 0.5 seconds.

In Table 4, the results of the large-sized experiments are shown with the median of ARPD. We

compare the proposed metaheuristics by using the ARPD. The averages of median ARPD of
GA_OFP, PSO_OFP, GA_OP-CAH, and PSO_OP-CAH are 25.87, 16.93, 3.16, and 2.93, respectively.
*_OP-CAHs show a lower average of median ARPD than *_OFPs. Within the OP-CAH and *_OFPs,
PSO also shows a lower average of median ARPD than GA.

Table 4. Results of large-sized experiments.

* OFP * OP-CAH

Ins. Flowshop Layout |DF| |I] best GA_OFP PSO_OFP GA_OP-CAH PSO_OP-CAH

ARPD CPU ARPD CPU ARPD CPU ARPD CPU
1 «,0 4 40 3629.20 10.95 80.11 5.73 80.06 4.32 82.95 3.82 83.61
2 50 3596.56 1849 100.11 9.40 100.09 3.58 109.53 4.06 105.58
3 60 5425.04 2576  120.24 1595 120.11 2.89 139.23 3.08 124.24
4 5 40 4097.71 20.78 100.10 13.30 100.11 452 109.71 413 103.56
5 50 4342.04 2748 125.21 18.40 125.15 442 13444 420 143.40
6 60 5428.44 4291 150.28 26.09 150.27 3.67 151.15 2.88 15743
7 6 40 3425.20 30.39 120.17 22.66 120.12 448 134.18 3.65 122.23
8 50 4245.44 46.28 150.32 35.09 150.14 299 176.66 296 185.54
9 60 5036.22 58.78 180.43 41.74 180.27 418 233.87 394 181.25
10 (B,C,C) 4 40 3717.69 10.76 80.12 7.75 80.07 3.52 82.25 3.19 86.55
11 50 4257.79 21.63 100.15 15.24 100.08 3.65 110.45 3.50 113.63
12 60 6434.78 11.62 120.22 5.70 120.17 2.04 14415 2.02 121.17
13 5 40 5005.33 12.62 100.15 723 100.12 220 107.92 2.00 114.05
14 50 6617.00 1865 12528 1074 12520 192 15542 198 127.22
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15 60 5183.12 4185 15037 23.14 150.26 3.37 18143 3.38 190.43
16 6 40 423153 22.06 12026 16.05 120.13 220 142.04 194 14832
17 50 442338 49.01 150.26  35.71 150.28 3.17 178.76 3.28 183.06
18 60 655732 46.84 180.53 29.88 180.29 4.02 22311 3.62 226.76
19 (B,C,C,B) 4 40  4056.59 897  80.13 5.31 80.08 4.09 87.93 4.22 83.91
20 50 498275 16.38 100.12 9.32  100.11 2.87 112.21 222 116.58
21 60 7173.84 1649 120.27 9.14 120.19 3.25 138.74 3.05 14454
22 5 40 515494 1076 100.14 6.13  100.12 1.62 108.63 1.17  113.19
23 50 5093.44 2284 12526 1493 12521 259 139.79 1.84 145.58
24 60 6533.71 2271 150.38 13.33 150.24 2.05 186.31 1.86 190.40
25 6 40 421974 2136 12020 1445 120.15 253 133.65 2.17  137.99
26 50 5271.06 2255 15040 1731 150.34 2.68 188.01 2.54 19345
27 60 645759 3958 180.74 27.31 180.37 2.54 198.81 229 19748

Avg. 4985.09 25.87 125.26 16.93 125.17 3.16 144.12 293 142.26
* Terminate condition: Maximum CPU time, |DF| X |I| X 0.5 seconds.

We conduct the ANOVA test with a 0.95 confidence level and present the results as the interval
plot in Figure 6. There are no overlaps with the intervals of GA_OFP and PSO_OFP. For the intervals
of GA_OP-CAH and PSO_OP-CAH, these do not overlap with the intervals of GA_OFP and
PSO_OFP. However, the intervals of GA_OP-CAH and PSO_OP-CAH overlap. It means that *_OFP
and *_OP-CAH are statistically significant, and GA and PSO show no statistical significance within
the *_OP-CAH. To analyze the robustness of the proposed metaheuristics depending upon the
changes in the experimental parameters, we present the interval plots with a 0.95 confidence level for
the flowshop layout, |DF|, and |I| in Figure 7. In Graphs (a) to (c), GA_OFP and PSO_OEFP exhibit
significant fluctuation in the mean value and confidence interval width depending upon the
experimental parameter changes. Especially, the performance of the *_OFP decreases with a decrease
in the number of batch tasks and increases in and |I|. In contrast, GA_OP-CAH and PSO_OP-CAH
show robust mean values and tight confidence intervals depending upon the experimental parameter
changes. Since *_OP-CAH determines the sub-order assignment with the CAH, unlike *_OFP, *_OP-
CAH shows robust performance despite the experimental parameter changes.

30

Els‘

10 -

—_—

GA_OFP PSO_OFP GA_OP-CAH PSO_OP-CAH
Metaheuristic

Figure 6. Interval plot of the large-sized experiment with 0.95 confidence level.
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Figure 7. Interval plots for the parameters of the large-sized experiment with 0.95 confidence level.

6. Sensitivity Analysis

We conduct sensitivity analyses to observe the difference in performance gap between *_OFP
and *_OP-CAH, and suggest managerial insights for operational strategies to a decision maker. In
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this section, we analyze the performance gap depending on the maximum CPU time for identical
large-sized instances.

To observe the difference in performance gap between *_OFP and *_OP-CAH, we propose a
sensitivity analysis by using the identical instances and the experimental environment in the large-
sized experiments. We repeat PSO_OFP and PSO_OP-CAH 10 times for each instance with maximum
CPU time as [DF| x |I| x t seconds by using a time parameter t. Figure 8 presents an interval plot
of the sensitivity analysis by using ARPD. PSO_OP-CAH shows the interval plots with no significant
difference in the mean value and confidence intervals as the t values increase. In contrast, PSO_OFP
shows the interval plots with exponentially decreasing mean value and confidence intervals as
increasing the t values increase. Especially, PSO_OFP shows non-overlap with other interval plots
and the lowest mean ARPD when the t value exceeds 4.0.

The performance difference in the ARPD between *_OFP and *_OP-CAH is highly related to the
maximum CPU time. *_OFP globally searches for the order splitting, assignment, and permutation
sequence by the encoded solution, unlike *_OP-CAH. This implies that *_OFP explores a more
spacious solution space than *_OP-CAH. This also implies that *_ OP-CAH more effectively exploits
the solution space within the limited maximum CPU time than *_OFP.

Matahauristics
—&— PSO_OFP
—#— PSO_OP-CAH

8 i

101 §

Figure 8. Interval plot of the sensitivity analysis.

We additionally analyze the relationship with the makespan and distributed plant utilization by
using the results of the sensitivity analysis in this section. The average plant utilization rate at t
(AUR?) of each distributed plant is calculated as follows:

max cmg — cmy

URf (%) = f—ED:n ————x 100 (41)
f
feDF
AUR® (%) = URL (42)

, where cm{ and URf mean manufacturing completion time and utilization rate of distributed plant
f attime parameter t, respectively. The X-axis means the ARPD value (RPD), and the Y-axis means
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the AUR value (AUR). In Figure 9, there are four scatter plots, in which time parameters t are 0.5,
2.0, 3.0, and 5.0, respectively.

For PSO_OP-CAH, as shown in scatter plots (a) — (d) of Figure 9, the cluster becomes denser as
the t value increases. However, the cluster does not dynamically move in the direction of smaller
RPD and AUR. PSO_OFP forms a cluster with a lower density than PSO_OP-CAH when the t value
is 0.5, as shown in the scatter plot (a) of Figure 9. It also forms a denser cluster as the t value increases,
and the cluster dynamically moves in the direction of smaller RPD and AUR, as shown in the scatter
plots (a)-(d) of Figure 9.

PSO_OP-CAH assigns the sub-order to the plant by focusing on minimizing the completion time
of sub-orders via CAH. PSO_OP-CAH shows no noticeable difference in AUR and RPD despite the
t-value increasing, unlike PSO_OFP. It implies the relationship between the makespan and plant
utilization in the distributed manufacturing environment. Thus, the decision maker has to schedule
the distributed plants by considering the plant utilization to minimize the makespan.

From the results of the sensitivity analysis, we propose operational strategies to a decision maker
depending upon the decision-making time. If the decision maker has sufficient time for decision-
making, we recommend determining the main decision contents of the PS-HF&DS by using the
*_OFP to globally search the solution space. However, if the decision maker should decide within a
limited time, we recommend using the *_OP-CAH to rapidly converge on a good solution.
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x PSO_OFP x PSO_OFP
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Figure 9. Scatter plot of RPD and AUR with time parameter t.

7. Conclusion

In this paper, we address PS-HF&DS considering multiple unrelated plants, a single distinct
permutation flowshop-line, hybrid batch-continuous manufacturing, sequence-dependent
changeover time, and direct shipping policy within the pharmaceutical supply chain. We formulate
the PS-HF&DS as the MILP model and implement *_OFP and *_OP-CAH by applying GA and PSO
to effectively and efficiently solve the model. From the numerical experiments, we demonstrate that
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* OP-CAH more effectively finds the near-optimal solutions than *_OFPs within a limited
computational time. We additionally conduct the sensitivity analysis of the computational time to
analyze the performance gap depending upon the time by comparing PSO_OFP with PSO_OP-CAH.
As the computational time increases, *_OFP shows exponentially enhanced performances. Based on
the sensitivity analysis result, we propose the operational strategies related to the decision-making
time and plant utilization.

Two future research should extend our problem structure. First, we should extend PS-HF&DS
with a hybrid flowshop layout with a dynamic order environment. We also should have an extended
study of PS-HF&DS related to the routing problem with multiple vehicle-types in the delivery-stage
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