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Abstract: In this paper, we address biopharmaceutical manufacturing scheduling problems
with heterogeneous parallel mixed flowshops. The mixed flowshop consists of three stages,
one batch process and two continuous processes. The objective function is to minimize
the total tardiness. We formulated a mixed-integer linear programming model for the
problem to obtain optimal solutions to small-size problems. We present a genetic algorithm
and particle swarm optimization, which are used to find efficient solutions for large-size
problems. We show that the particle swarm optimization outperforms the genetic algorithm
in large-size problems. We conduct a sensitivity analysis to obtain managerial insights
using the particle swarm optimization algorithm.

Keywords: biopharmaceutical manufacture; scheduling; mixed-integer linear programming;
meta-heuristic algorithms
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1. Introduction

Biopharmaceuticals are drugs developed using cells, tissues, hormones, etc., derived
from humans or other organisms. Global demand for biopharmaceuticals is increasing due
to factors such as the aging population, the increasing incidence of chronic diseases, and
the increasing importance of personalized medicine. Accordingly, the biopharmaceutical
market is growing steadily [1]. Figure 1 shows the biopharmaceutical process. Biophar-
maceuticals are made through three processes: (1) the upstream process (USP) and (2) the
downstream process (DSP) of the drug substance (DS) and (3) the drug product (DP). The
DS process treats active ingredients. The DS process is divided into an upstream process
(USP) and a downstream process (DSP). The USP corresponds to the cell culture stage
and the DSP corresponds to the purification and polishing stage [2]. The DP produces the
finished drugs based on DS [3].
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Figure 1. Biopharmaceutical process.

Mathematics 2025, 13, 485

https://doi.org/10.3390 /math13030485


https://doi.org/10.3390/math13030485
https://doi.org/10.3390/math13030485
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/mathematics
https://www.mdpi.com
https://orcid.org/0000-0002-8340-1306
https://doi.org/10.3390/math13030485
https://www.mdpi.com/article/10.3390/math13030485?type=check_update&version=2

Mathematics 2025, 13, 485

2 of 20

The biopharmaceutical manufacturing process has unique characteristics unlike other
manufacturing processes. First, consistent cleaning and sterilization are required to avoid
cross-contamination in biopharmaceuticals. So, a setup time is generated depending on the
product-type sequence. Second, a flowshop or jobshop environment rather than a single
process is common. This is because biopharmaceuticals are generally made using several
processes. Also, multiple flowshops or jobshops often exist within one factory to improve
productivity. Additionally, the specifications, such as processing speed and capacity, of
each flowshop or jobshop are generally different. Finally, mixed flowshop environments
that mix batch and continuous manufacturing are common. Figure 2 shows schematics
of batch and continuous manufacturing, respectively. As shown in Figure 2a, in batch
manufacturing, all raw materials are input before the chemical reaction/refining operations,
and the product is discharged after all of these processes are completed. Meanwhile, as
shown in Figure 2b, the processes of raw material input, chemical reaction/refining, and
product discharge occur continuously in continuous manufacturing. The biopharmaceuti-
cal process is shifting towards continuous manufacturing to meet the increasing demand for
biopharmaceutical products [4]. However, it is challenging to produce biopharmaceuticals
by only using continuous manufacturing because cleaning and sterilization are difficult
in continuous manufacturing. Therefore, mixed flowshop environments are common in
biopharmaceutical manufacturing. The improvement in productivity when changing the
batch process to a mixed process is shown in Figure 3. Figure 3a,b show an example of
a Gantt chart for batch manufacturing and mixed flowshop environments, respectively,
supposing that three products are to be processed and there are three processes for batch
and mixed flowshop manufacturing. As shown in Figure 3a, in batch manufacturing, all
materials are charged before the process begins and discharged at the end of the process [5].
Since intermediates are not transferred directly to the next manufacturing process, a bot-
tleneck occurs and the efficiency of biopharmaceutical production decreases [6]. Unlike
batch manufacturing, as shown in Figure 3b, in two adjacent continuous processes of mixed
flowshop manufacturing, materials are continuously charged and discharged during the
process [5]. Thus, unlike batch manufacturing, bottlenecks do not occur in mixed flowshop.
Eliminating bottlenecks can potentially increase product quantity and responsiveness, and
improve overall drug quality [7].
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Figure 2. Schematic of batch and continuous manufacturing. Source: (Inada [4]).
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Figure 3. An example of a Gantt chart for batch and mixed manufacturing.

The contributions of this study are fourfold. First, to the best of our knowledge, we
address the biopharmaceutical manufacturing scheduling problem with heterogeneous
parallel mixed flowshops (BPMSP-HPMESs) for the first time. Second, we develop a mixed-
integer linear programming (MILP) model for the problem to find an optimal solution for
small-sized problems. As mentioned in the explanation of Figure 3, continuous manufac-
turing has structural differences from traditional batch manufacturing. The contribution of
the mathematical model is that these differences are reflected in the MILP model. Third,
we present a genetic algorithm (GA) and particle swarm optimization (PSO) to find an
efficient solution for large-sized problems. Finally, we perform a sensitivity analysis to
obtain managerial insights.

The remainder of the paper is organized as follows. In Section 2, we review and
categorize relevant studies. In Section 3, we describe the presented problem and formulate
the MILP model. In Section 4, we present the GA and PSO with the same solution structure.
In Section 5, we verify and evaluate the performance of the proposed GA and PSO. In
Section 6, we perform the sensitivity analysis to obtain managerial insights.

2. Related Work

In this section, we review and categorize the studies on pharmaceutical manufacturing
scheduling. Kopanos et al. [8] addressed an iterative two-stage MIP-based solution to
solve real-world scheduling problems in a multi-stage multi-product batch plant. The
objective is to minimize the makespan and total weighted lateness. Kim et al. [9] addressed
a new mathematical model that combines MILP and heuristic techniques that minimize the
makespan in actual pharmaceutical intermediates manufacturing (PIM) factories. Raaymak-
ers and Hoogeveen [10] addressed scheduling problems in multi-purpose batch processing
industries. The scheduling problems are characterized as multiprocessor no-wait jobshop
with overlapping operations. A simulated algorithm (SA) was developed to minimize
the makespan. Kabra et al. [11] developed a continuous-time model for multi-period,
multi-stage, and multi-product scheduling in the biopharmaceutical industry. A state-task
network (STN)-based MILP was developed by extending the model developed by Shaik
and Floudas [12]. Castro et al. [13] addressed a mathematical formulation for scheduling
multi-purpose plants involving batch or continuous processes based on resource—task
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network (RTN) representations. Vieira et al. [14] developed an MILP formulation extending
the unified continuous-time RTN representation presented by Castro et al. [13]. The model
reflected two of the characteristics of bioprocesses scheduling, the traceability of differ-
ent productions and the shelf-life storage limitations. Costa [15] addressed the real-life
batch scheduling problem of parallel machines in constrained environments. A hybrid
genetic algorithm (HGA) with two-step encoding was proposed to increase the produc-
tion speed and obtain a quick solution that could satisfy the company’s requirements.
Jankauskas et al. [16] developed a GA to quickly solve the discrete-time problem of capacity
planning and scheduling in the pharmaceutical industry. Awad et al. [17] introduced a
constraint programming (CP) model to solve a large-scale scheduling problem in a batch
pharmaceutical manufacturing plant. Aguirre et al. [18] developed a method combining
RH and II algorithms and full-space MILP models to solve medium-scale planning and
scheduling problems in multi-product, multi-stage continuous plants. Vieira et al. [19]
present an optimal planning method for the biopharmaceutical continuous manufacturing
process with an MILP model based on the RTN continuous single-time grid formulation.
Vieira et al. [20] present a hybrid flowshop scheduling problem that mixes batch and contin-
uous manufacturing in pharmaceutical manufacturing for the first time. They developed a
new MILP model based on an RTN continuous-time single-grid formulation. In addition to
pharmaceutical scheduling, there are studies on scheduling in a multi-flowshop machine en-
vironment. The term “parallel flowshops” first appeared in work by Sevastyanov et al. [21],
which was previously referred to as “parallel two-stage systems”, a similar concept but
with a different name [22]. It is also called “distributed flowshops”. Dolgui et al. [23]
studied a distributed two-machine flowshop scheduling problem.

Table 1 shows studies related to BPMSP-HPMFS, classified according to the manufac-
turing environment, production method, machine velocity, setup, problem size, and solution
method. As shown in Table 1, we present the BPMSP-HPMFSs for the first time. Although
Vieira et al. [20] addressed the flowshop scheduling problem with hybrid production that
mixes batch and continuous manufacturing, it has the limitation of not providing a solution
to the large size of the problem. Additionally, they assumed a homogeneous machine envi-
ronment where the machines have the same processing velocity. In contrast, we assume a
heterogeneous machine environment where the machine’s processing speed is different.

Table 1. Related studies on BPMSP-HPMFSs.

Manufacturing Production Machine Setu Problem
Article Environment Method Velocity P Size
(@) (b) © (@ (o (f) (g (h) @ G & (1))
Kopanos et al. [8] 4 v/ v v v v
Kim et al. [9] v v v v/ v v
Raaymakers and Hoogeveen [10] v v v v
Kabra et al. [11] v v v v v v
Castro et al. [13] v v v v
Vieira, et al. [14] v v v v
Costa [15] v v v v v v/
Jankauskas et al. [16] v v v v v
Awad et al. [17] v v v v
Aguirre et al. [18] v v v v
Vieira et al. [19] v v v v
Vieira et al. [20] v v/ v v/ v/
Our study v/ v v v v

(a): flowshop; (b): jobshop; (c): batch; (d): continuous; (e): mixed; (f): homogeneous; (g): heterogeneous;
(h): sequence-dependent; (i): sequence-independent; (j): unit-dependent; (k): small; (1): large.
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3. Problem Description

3.1. Biopharmaceutical Manufacturing Scheduling Problem with Heterogeneous Parallel Mixed
Flowshops (BPMSP-HPMFSs)

In this section, we address the BPMSP-HPMFSs. The objective is to minimize the
total tardiness by determining two decisions: assigning the orders to the flowshops and
sequencing the assigned orders within each flowshop. The characteristics and assumptions
of the presented problem are as follows:

(1) The manufacturing environment consists of multiple flowshops.

(2) Each flowshop has a single batch process and double continuous processes.

(3) A product-type sequence-dependent setup exists.

(4) The processing speed varies for each flowshop and process.

(5) If two continuous processes are consecutive, for each order, the subsequent process
starts and ends after the previous process starts and ends, respectively.

(6) If at least one of the two consecutive processes is not a continuous process, for each
order, the subsequent process starts after the previous process ends.

Figure 4 presents an illustrative example of a feasible solution for the BPMSP-HPMFSs.
Figure 4a shows the assignment of orders to the flowshops. There are 18 orders (O1, Oa, - - -,
O13), each of which is designated one of three product types (A, B, C) and assigned to one of
two flowshops (F;, F,). Six orders (O, Oz, Og, Og, O17, O13) with product type A and three
orders (Oy4, Os, O15) with product type B are assigned to F;. Six orders (O3, O7, Og, O19, O14,
O14) with product type C and three orders (O11, O12, O13) with product type B are assigned
to F>. The sequencing of assigned orders within each flowshop is shown in Figure 4b. Each
flowshop consists of three stages: batch, continuous, and continuous (If, I5, I5). Each
flowshop has different processing speeds. The orders with the same product type have the
same processing time. In each flowshop, orders with the same product type are processed
simultaneously. In Fj, three orders (Oy4, Os, O15) with product type B are processed first,
followed by six orders (O1, Oz, Og, Oy, O17, O13) with product type A. In F,, six orders (O3,
Oy, Og, Oq9, 014, O14) with product type C are processed first, followed by three orders
(011, O12, Oq3) with product type B. To obtain an optimal solution for BPMSP-HPMEFS, we
present an MILP in Section 3.2.

QOO
DOOOQ@OOE

@O (OO
QO @@

O Product A
O ProductB

(0] Product C

(a) Assignment of orders to flowshops.

Figure 4. Cont.
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* Flowshop 1 (Sequence of product types: B > A)
o COrpp | 04,050, | COrps [ 010,04 00,017,015 |
1 2 3 4 5 6 7 8 9 10 12
| I COzpp 104.05.0:5] [ COzp4 [01,02.06, 05,047,055 |
1 2 3 4 5 6 7 8 9 10 m 12
5| [ CO3pp [ 0,0.0,; ] [ COup 10,,0,.0. 05,017.045 ]
1 2 3 4 5 6 7 8 9 10 n" 12
* Flowshop 2 (Sequence of product types : C > B)
B [ €O [ 03,0704 040,044,046 [ COycp I 011,012,043 ]
2 3 4 5 6 7 8 9 10 n 12
| [€03cc 105,07:05,010,014:055] [ COun | 013,02.055 ]
1 2 3 4 5 6 7 8 9 10 " 12
K5 | [ COuc [ 01,0,,05, 010014.01c ] COscn I 011,012.05 ]
1 2 3 4 5 6 7 8 9 10 1 12
(b) Sequencing orders within each flowshop.
Figure 4. An illustrative example of a feasible solution for the BPMSP-HPMFSs.
3.2. Mixed Integer Linear Programming (MILP) Model
The MILP model for the presented problem is as follows:
Mznz f €F, me OTmmf
s.t.
C|I|mf — Due,, < T|I|of/vf eFmeO (1)
COif = Y w0 prq COipg X ZmngVf € F,i € Lp = FTu,q = FT,, @
Y Ymp=1YmeO (3)
feF
Z ]/mf:xpf,VfGF,pEP 4)
meO,FTy=p
Y xpp =N, VpeP (5)
feF
Z mef < 1,Vf €F (6)
meO
Y. Zunf S Ynp,Vf €Fne0 )
meO
Y Zunf SYmp,VfEFmeO ®)
neO,n#m

PT;
COipp + <V”’> < Ciny +M-(’1 —zmmf),Vf €EFiclmeO,p=FTy (9

fi

PT; )
Cimf+ ( V;) < Cinf—l—M-(l —zmnf),Vf e€eFielmneO m#n,p=FTy, p=FTy,

PT; )
Cimf+Cinq + (qu) < Cl-nf—i—M-(l —zmnf),Vf eFielmneOm#n, p=FTy, q=FT,, p#q

fi

Vi

Cimr + Py <C; +M-<1— )V F p Ojieltorjel’, j=i+1, p=FT
imf < Cjms Ymf ), Vf EF,pEPmeOicorjel’, j=i+1,p m

PT;
Cimf + ( fo”) x (x,,f - 1) < CBipf+M~(1 —zmmf),Vf €FpePicl,meO,p=FT,
1

(10)

(11)

(12)

(13)
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PT;
Cing + <pr> x (xpf - 1) < CByyy +M-(1 —Zmnf)/Vf €Fpelicl®,mnecO,p=FT, p#FT, (14)
1
PT; , o
CBiys + <fo]”> < Cjug + M-(1=Zys ) Vf EFpEPic 'm0, j=i+1, p=FT, (15)
PT;
CBlprr (V]p> < Cjnf+M~ (1 —zmnf>, VfeF,pePl,ic Ib,m,n €0, j=i+1, p=FTyp#FTy (16)
fi
Cims < cjmf+M-(1 fymf),Vf €Fijelme0,j=i+1,i#|l 17)
PT; PT;
Cimf — Pl < Cipr— ”’>+M~ 1—yur),VfEFijclmecO,j=i+1,i#|I,p=FT,  (18)
imf < Vi ) jmf ( Vi ( mf)
Ymg=00rL,VfeF, meO (19)
Zmnf =00rLYf € F,mn €0 (20)
Cimf/ CBipf/ Timf/ FCOif, Coif >0, Vf € F, pE PmeO,iel (21)

Constraint (1) defines the tardiness when an order with product type is completed
later than the due date. Constraint (2) refers to the sum of the setup times occurring in all
stages of each flowshop. Constraint (3) means that all orders are allocated to the flowshop.
Constraint (4) defines the relationship between the order and product type. Constraint (5)
means the total number of products allocated to the machine. Constraint (6) means that
the first order of each flowshop is less than one. Thus, constraints (7) and (8) define the
precedence relationship between orders. Constraint (9) defines the completion time of
the first order and, Constraints (10) and (11) define the completion time. Constraint (12)
determines the sequence of stages. Constraints (13) and (14) determine the completion
of batch production. Constraints (15) and (16) determine the completion of continuous
production by utilizing the time of completion of batch production. When the machine
is working in a continuous—continuous configuration, it can be divided into three cases.
Constraint (17) means that the succeeding process finishes later than the preceding process
in a continuous—continuous configuration. Constraint (18) means that the succeeding
process starts later than the preceding process in a continuous—continuous configuration.

4. Meta-Heuristic Algorithms

Since the problem of minimizing total tardiness in a single machine environment is
NP-hard [24], BPMSP-HPMFSs, an extension of this problem, is also NP-hard. Therefore,
BPMSP-HPMESs cannot be solved through the MILP presented in Section 3 if the size of
the problem becomes large. Therefore, to solve a large-sized problem efficiently, we present
two population-based meta-heuristic algorithms, GA and PSO, which are widely used in
scheduling problems [25-28]. The same solution representation and decoding procedure
are applied to the presented GA and PSO.

4.1. Solution Representation and Decoding Procedure

The solution is presented as single chromosome with size of (the number of orders
+ the number of flowshops — 1). Figure 5 is an example with eighteen orders, two flow-
shops, and three product types. In Figure 5a, the size of the chromosome is 19 (=18 + 2 — 1).
Index 19, excluding 18 orders, becomes a partition that can assign the orders to the flow-
shops. The genes in the chromosome are randomly assigned the uniform distribution of
real numbers between 0 and 1 (U(0, 1)). Figure 5a is changed to Figure 5b by the random
key method. The smallest of the random numbers in Figure 5a is 0.02 and its index is 4.
Therefore, index 4 comes first in Figure 5b. The next smallest number is 0.12, which is
index 5 in Figure 5a. In Figure 5b, index 5 comes after 4. In this way, Figure 5b is made.
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Because index 19 is determined as the partition in Figure 5a, indexes before the ninth
position with index 19 in Figure 5b are assigned to flowshop 1, and indexes after the ninth
position are assigned to flowshop 2. After the orders are assigned to each flowshop, the
sequence between the orders within the flowshop need to be decided. Since the setup
is considered as the objective function, it is inefficient to process the same product type
multiple times. Therefore, orders of the same product type are processed simultaneously.
Then, the sequence of processing the different product types is decided. The method for
deciding the sequence of product types is determined as shown in Figure 5b. The sequence
of product types in a flowshop follows the sequence in which the product type appears
first. The first order processed in flowshop 1, order 4, has product type B. Therefore, orders
with product type B are processed first in flowshop 1. Among the orders whose product
type is not B, order 9 comes first. The product type in order 9 is A. Thus, product type A is
processed after product type B. In flowshop 2, order 18 with product type A is processed
first, and order 3 with product type C and order 11 with product type B are processed last.
The sequence between orders within the same product type follows the sequence of orders
in Figure 5b. Figure 5c shows that the assignment and sequencing of the orders within each
flowshop have been completed. This solution representation and decoding procedure are
applied to both GA and PSO.

Order & Partition 1 2 3 4 5 6 7 8 G) 10 11 12 13 14 15 16 17 18 19
Random number | 0.25 | 0.23 [ 0.58 | 0.02 [ 0.12 [ 0.38 [ 0.72 | 0.77 | 0.14 | 0.74 | 0.60 | 0.67 | 097 | 0.85 [ 0.35 [ 0.94 | 0.56 | 0.54 | 0.51
O ProductA [ Partition

O  Product B

Q© Product C

(a) Chromosome

‘Ordersequence|4’5‘9’2‘1|15‘6\19|18‘17|3]11‘12]7‘10{8|14[16|13‘

(b) Order sequence array

’Flowshopl }4|5 |15|9|2|1|6| IFlowshopZ’18|l7|3|7|10‘8‘l4|16|11‘12|13‘

(c) Assignment and sequencing.

Figure 5. An example of the decoding process.

4.2. Genetic Algorithm (GA)

GA is one of the population-based meta-heuristics inspired by natural selection and
genetics. Through mutation and crossover, some of the parents and offspring are selected
and passed on to new generations, which converge on the best chromosomes. First,
chromosomes are initialized with the uniform distribution of real numbers between 0 and 1
(U(0, 1)). One-cut point crossover and uniform mutation, which had the best performance
in BPMSP-HPMFSs during our preliminary experiments, are used as genetic operators.
One-cut point crossover selects two chromosomes and randomly determines genes to
start tweaking. Then, the selected two chromosomes tweaked based on the determined
gene. Uniform mutation is a random change in the numeric value of a gene to U(0, 1). In
the decoding procedure, the objective function value is obtained through the presented
decoding process. In the selection, the second of the next generations is selected through
the roulette wheel method. The GA procedure is shown in Algorithm 1.
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Algorithm 1: GA

Input: population size (Sp), generation size (Sq), crossover rate (p.), mutation rate (p;;)
Output: total tardiness
Initialization: Generate a random initial population through U(0,1)
While g < S,
Fori<S§,
IfU(0,1) < pe
j=1i
Forj <S5,
If U(0,1) < p,
Conduct the crossover of the ith chromosome and jth chromosome
End if
End for
End if
End for
Fori < Sp
Forn <N
IfU0,1) < pm
Conduct the mutation operation
End if
End for
End for
Decode the chromosome and compute the objective function value (see Figure 5)
Conduct the roulette wheel selection
g=8+1
End While

4.3. Particle Swarm Optimization (PSO)

PSO is also one of the population-based meta-heuristics that mimics the movement
of groups. In initialization, the positions and velocities receive U(0,1) and form a one-
dimensional array. In the decoding procedure, the objective function value is obtained
by the decoding process, which can be presented similarly to that of GA. After the de-
coding procedure, the best solution for particles (P;) and the global best solution (P)
are updated. The velocity (v;) and position (X;) of each particle are updated using
Equations (22) and (23) based on P; and Py, respectively.

v vi+c U0, 1) x (P—X;)+ ¢ xU(0, 1) x (Pg — Xi), (22)
Xi ¢ Xj_q + k. (23)

The PSO procedure is shown in Algorithm 2.

Algorithm 2: PSO

Input: iteration (Iter), swarm size (S;,), weight (W), acceleration weight (c1), and (c2)
Output: total tardiness
Initialization: Generate a random initial population through U(0,1)
While g < Iter
Fori<$S p
Decode the chromosome and compute the objective function value (see Figure 5)
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Coax =T X {{
fi V¥
2

Algorithm 2: Cont.

If £(Xi) < f(P3)
P = X;
End if
If £(X) < f(Py)
P, = X;
End if
End for
Fori<S§,
vi=W xv; +¢1 x U(0,1) x (P; — X;) + ¢ x U(0,1) x (Pg — X;)
Xj =X+
End for
g§=g8+1
End While

5. Computational Experiments

In this section, we conduct experiments to evaluate the performance of the two pro-
posed meta-heuristic algorithms. The experiments are divided into instances of small- and
large-size problems depending on the combination of parameters that affect the complexity
of the problem. The parameters are the number of product types (|P|), the number of
orders for each product type (N), and the number of flowshops (|F|). In the experiment
with instances of small-size problems, the performance of GA and PSO was verified by
comparing them with the optimal solution obtained by the MILP model. In the exper-
iment with instances of large-size problems, the performance of the GA and PSO were
compared in relation to one another. The MILP and the two meta-heuristic algorithms were
implemented using the CPLEX solver 22.11.1 and C#, respectively. All experiments were
performed using PCs with 13th Gen Intel(R) Core™ i7-13700KF 3.40 GHz CPU.

5.1. Design of Experiments

Instances of small- and large-size problems were generated according to the com-
bination of |F|, Ny, and |P|. Due, is set by changing the estimate of Cyax (C,fmx) and
the proportion of tardy orders (1), where Cyuy is the makespan. Comax is calculated as
shown below:

N, CO{b+cop? PTYE + PTLEN N 2P|
4 rq pq pt pt P UB LB
R e b xm+(copi +COLF) x = (24)

2

The first term is the completion time for the first product type in the batch process. The
processing time and setup time required to calculate the completion time are the average of
the upper bound and lower bound, respectively. The second term is the completion time in
continuous manufacturing. According to Figure 5, when two continuous processes appear
in succession, the completion time of the subsequent process is determined by the process
with the longer processing time among the two processes, so the second term is multiplied
by @ The sum of the first term and the second term is the average value of Cysx. Due, is
generated from the discrete distribution of U((l —T) X Cmax X 0.25, (1—1)x Coax X 1.75).

Table 2 summarizes the values of the problem parameters.
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Table 2. Instances of problems for small- and large-size experiments.

[F|

|P‘ Np Vfi CO,W PTp,‘ Due,

Small-size
instances

Large-size
instances

{2,3}

{5,6,7}

u@,25)  u(s4108) u(o, 120) (- 5)2; Comax X

{10,11,12}  {30,35,40} (1 =17) X Cpax x 1.75)

{34} {2,3,4}

Some parameters refer to other studies: V; [29], CO;y, [8].

5.2. Calibration of Meta-Heuristic Parameters

Calibrating meta-heuristic algorithm parameters significantly affects the performance
of algorithms. The Taguchi method was used to find the best parameter combinations for
the GA and PSO. In the Taguchi method, the S/N ratio is used to find optimal conditions
by simultaneously considering performance and volatility. Since the objective function of
BPMSP-HPMESs is the smaller the better, the S/N ratio is calculated as follows.

n
S/N ratio = —10-log (iz obj%) (25)
i=1

where 1 is the number of combinations of parameters for each GA and PSO. Table 3 shows
the values for each level of GA and PSO parameters tuned through the Taguchi method.
The Sy of GA and the Iter of PSO are fixed as 6000. Figure 6 shows the S/N ratio for each
parameter value for GA and PSO. In Figure 6, the level with the largest S/N ratio for each
parameter is selected. For GA, the best S, P, and P, are (|O| x 0.1), 0.1, and 0.5. For PSO,
the best S, ¢1, ¢, and W are (|O| x 0.1), 2,3, and 0.3.

Table 3. Values for each level of GA and PSO parameters tuned using the Taguchi method.

Level

GA PSO

Sp

P, P, Sp 1 [5)) wW

10| x 0.095
|O] x 0.1
10| x 0.105

0.1 0.3 0] x 0.095 1 0.3
02 0.5 0] x 0.1 2 0.5
03 0.7 0| x 0.105 3 0.7

W N =

Sp Pc Pm
-200 e | /\

\ \
- 2005 \ / \

\ / \
\ \
\ /
- 201 \ / \
\ / \
/ \
- 2015 \ °
\ °
\
“\

-202

Mean of SN ratios

-2025
-203

-2035

(a) S/N ratio for GA.

Figure 6. Cont.
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Sp cl 2 W
- 165

Mean of SN ratios

-175 \ / —
| \ /
\
| . /
/ /
/ /

-185

(b) S/N ratio for PSO.
Figure 6. Results of the parameter calibration.

5.3. Experimental Results in the Small-Size Problem Instances

In instances of small-size problems, we compare the absolute percentage deviation
(APD) and CPU time of the MILP model, GA, and PSO with T = 0.7. APD is calculated
as follows:

APD (%) = M8 —OPL 4 (26)

Opt

where Alg_, denotes the objective function value generated by the meta-heuristic and Opt
denotes the objective function value of the optimal solution obtained by CPLEX with a time
limit of 3600 s. GA and PSO are tested with 30 replications for each instance. As shown in
Table 4, CPELX cannot find a feasible solution with limited time for instances with both
|P| and N, larger than 3, which are marked as N/A. Also, the average APDs for GA and
PSO excluding instances marked as N/A are 1.57% and 1.98%, respectively. This means
that GA and PSO find efficient solutions compared to the solution obtained by CPLEX.
Therefore, meta-heuristics are necessary to find efficient solutions within a limited time

frame in large-size problems.

Table 4. Computational results for small problems.

MILP GA PSO

A P N o 0 0
pimal,,, CPU APD(%) CPU APD (%) CPU
2 3 2 607.54 1.31 0.00 8.93 0.02 6.09
3 661.03 0.06 0.92 5.29 0.92 3.75
4 967.18 18.61 3.35 18.86 4.03 12.92
4 2 780.72 2.02 1.73 10.96 1.77 7.67
3 883.3 279.56 3.05 18.83 3.77 13.06
4 N/A 3600.00 N/A 32.83 N/A 22.24
3 3 2 498.47 1.58 0.00 9.81 0.22 6.95
3 642.26 0.17 0.64 6.03 0.69 4.39
4 892.67 73.61 2.57 20.68 3.07 14.5
4 2 718.3 4.05 0.00 12.32 0.60 8.78
3 808.76 356.2 3.47 18.73 4.75 14.26
4 N/A 3600.00 N/A 35.55 N/A 23.73
avg. 661.43 1.57 16.57 1.98 11.54
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5.4. Experimental Results in Instances of Large-Size Problems

In large-size problems, we run three experiments by changing 7. We compare the
relative percentage deviation (RPD) and CPU time of the GA, and PSO with T = 0.3,
0.5, and 0.7. RPD is as follows:

RPD(%) = w % 100 27)
where Best,, denotes the best objective function value obtained using GA and PSO. GA and
PSO were tested with 30 replications for each instance. The experimental results according
to T are shown in Table 5. For T = 0.3, the average of RPDs for GA and PSO are 19.47
and 16.01, respectively. For T = 0.5, the average of RPDs for GA and PSO are 12.03 and
9.66, respectively. For T = 0.7, the average of RPDs for GA and PSO are 6.87 and 5.16,
respectively. In all settings of T, PSO has a better average RPD and a shorter CPU time than
GA under the meta-heuristic parameters described in Section 5.2.

Table 5. Computational results for large problems.

T=0.3 T=0.5 =07
GA PSO GA PSO GA PSO
RPD RPD RPD RPD RPD RPD

E Pl Ny gy CPU o,y CPU gy CPU oy CPU o) CPU o) CPU
5 10 30 2394 4723 2113 4453 887 4720 617 4428 833 4749 720  44.09
35 1951 4665 17.81 4487 1297 4684 1164 4404 644 4686 533  44.13

40 2090 4628 2035 4438 1881 4620 1484 4412 864 4646 768 4395

11 30 2275 7039 1710 6641 1639 7058 1504 6662 482 7105 330  66.12
35 1344 6959 1256 6647 1129 6936 958 6569 516 6984 370  65.69

40 2780 6881 2337 6585 1302 6851 1306 6563 826  69.07 663 6561

12 30 1513 9995 1156 9428 1499 9967 1110 9352  7.06 10091 404  93.94
35 1325 9800 997 9351 1124 9811 881 9291 826 9872 569 9288

40 2432 9682 1747 9296 1717 9700 1645 9273 832 9760 689  93.18

6 10 30 2250 6022 1739 5672 980 6019 618 5630 634 6020 490 5656
35 1811 5920 1593 5644 1095 5948 1025 5613 627 5942 594  56.44

40 1877 5877 1861 5650 1236 5889 1155 5623 781 5882 642  56.08

11 30 1814 8894 1438 8382 819 8947 609 8350 500 8921 376 8374
35 1244 8704 1256 8327 1070 87.68 888 8237 569 8761 373 8243

40 1729 8594 1926 8290 1239 8693 761 8275 667 8627 680 8253

12 30 2194 12849 17.67 12053 1741 12785 1276 11995 557 12893 311 11997
35 1736 12594 1338 11878 842 12583 523 11940 7.09 12612 487  119.08

40 2795 12372 1977 11819 1167 12413 1075 11957 581 12460 462 11809

7 10 30 1671 7533 1513 7140 1424 7548 1175 7074 536 7538 376  70.66
35 2677 7649 2131 6975 1145 7417 991 7010 1194 7443 931  70.84

40 2378 7343 1946 7071 1002 7330 771 7018 529 7337 330 7037

11 30 1304 11275 960 10633 909 11350 648 10631 644 11379 58 10585
35 1899 11081 1451 10509 1466 11102 1232 10519 778 11158 555 10467

40 2223 10981 1738 10528 1170 10962 934 10449 762 10983 446  103.88

12 30 1610 16178 1197 15190 822 16070 455 15095 396 16076 2.09  150.96
35 1661 15753 1056 149.16 927 15704 699 14906 719 15732 489 14875

40 1604 15481 1194 14750 9.62 15471 576 14835 846 15479 563  147.32

Average 1947 9240 1601 8769 1203 9235 966 8745 687 9261 516 8733

A convergence test was performed to analyze the performance differences for GA
and PSO. For each 7, N, and |P| are fixed as 12 and 40, respectively, and instances with
|F| =5, 6, and 7 were selected, and the experiment was repeated five times for nine data
points. Figure 7 shows that PSO has a better performance and converges faster than GA.
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The relative percentage deviation (RPD)
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Figure 7. Convergence graph of the two algorithms.

Figure 8 shows an interval plot of GA and PSO with a 95% confidence level for all
instances in Table 5. Also, it shows that the confidence intervals between GA and PSO do
not overlap. Thus, the difference in RPD between GA and PSO is statistically significant.

GA PSO

Figure 8. Interval plot of GA and PSO with 95% confidence level.
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6. Sensitivity Analysis

To obtain managerial insights into the BPMSP-HPMFSs, we conducted three sensitivity
analysis experiments. In this section, we define the total cost of the production schedule
as the sum of setup and tardiness costs and analyze it. In Section 6.1, we investigate
the changes in total, setup, and tardiness costs as the number of flowshops increases. In
Section 6.2, we examine the change in the percentage of orders completed before the due
date as the number of product types is varied. In Section 6.3, we investigate the changes
in the costs as the decrease in the number of product types under the fixed number of
total orders. In Section 6.4, we analyze the effect of delays time in real-world continuous
processes on the objective function, total tardiness.

6.1. Changes in the Total, Setup, and Tardiness Costs as the Number of Flowshops Increases

As the number of flowshops increases, the tardiness cost is expected to decrease
and the setup cost to increase because the number of orders assigned to each flowshop
decreases. An experiment was performed to investigate changes in the total costs due
to changes in tardiness and setup costs as the number of flowshops increased. Figure 9
shows changes in the total, setup, and tardiness costs as an increase in the number of
flowshops. Figure 9a,b are experiments for instances with T of 0.3 and 0.7, respectively. In
both Figure 9a,b, as the number of flowshops increases, the total cost decreases and then
converges. In Figure 9a, where 7 is relatively small, the tardiness cost rapidly decreases and
converges as the number of flowshops increases because the due date of orders is loose. On
the other hand, in Figure 9b, where 7 is relatively large, the tardiness cost slowly decreases
and converges as the number of flowshops increases because the due date of orders is tight.
As a result, the experiment suggests the appropriate number of flowshops according to 7.

200,000 —e— Total cost

—B— Setup cost
t - - Tardiness cost
\
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< 1\
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=] v\
o 1
c \
2 \
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'i \
\
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3 N R P — —o—s
50,000 N e i
N
e
-
L @ Q\\‘
. I SEh SRR PP SN
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u W
Number of flowshops
(a1t =03
—@— Total cost
250,000 % —B— Setup cost
'\\ ~ & - Tardiness cost
i\
1\
200,000 \\
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5 .
2 \
(5] v\
£ 150000 *\
.~ \\
o \
o \
@ 100,000 *
oy AN T
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(b) T = 0.7

Figure 9. Changes in the total, setup, and tardiness costs as the number of flowshops increases.
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6.2. Change in the Percentage of Orders Completed Before the Due Date as the Number of Product
Types Is Varied

In this section, we examine the percentage of orders completed before the due date as the
number of product types is varied. Figure 10 shows the percentage of orders completed within
a due date when the number of product types changes. In this experiment, the number of total
orders is fixed at 420. When 7 is 0.3, 0.5, and 0.7, the percentage of orders completed before a
due date increases as the number of product types increases. This is because when the number
of product types within a fixed number of orders is low, the algorithm tends to process orders
with the same type at the same time to reduce the setup time. On the other hand, when the
number of product types is large, the tendency to reduce the setup time is relatively reduced,
and orders with fast-approaching due dates are completed first. This hypothesis is verified
through the final sensitivity analysis experiment outlined in Section 6.3.

2
3
Tau
g 300 . 03
) ° - 05
tJ -4-07
£ 20
] H
3 L]
T
£ 200 —l
o <4y ==
g. k-
o F--——""~
5]
«w 150
b
= L [
) ____* ---------
% 1000 g _emmmmmeT
L
& .
o]
ks
$ 50
&
9 4 12 20

Number of product types

Figure 10. Changes in the percentage of orders completed before a due date according to the number
of product types by .

6.3. Change in the Total, Setup, and Tardiness Costs as the Number of Product Types Within a
Fixed Number of Total Orders Decreases

Figure 11 shows changes in the total, setup, and tardiness costs as the number of product
types within a fixed number of total orders decreases. As expected, as the number of product
types decreases, setup costs decrease. On the other hand, in return for reducing the setup cost,
the tardiness cost increases as the percentage of orders completed before a due date decreases.
As a result, total costs decrease as the number of product types decreases. This is because
when the number of product types decreases, it is possible to decide whether to process orders
of the same product type together to reduce setup costs or process urgent orders first to reduce
tardiness costs, increasing the degree of freedom in decision-making.

80,000 —@— Total cost
[ —B— Setup cost
— — . - @ - Tardiness cost
70,000 T
\'\'\‘,
—
60,000
9
£ 50,000
o
o] —-—_ -
- e
40,000 N B ¢
- .-
o=
- ~
U o o
30000 ¢--"" S~
~
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=~ ~
~
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(®45) (1036) (15,.24) (20,18) (30,12)
(Number of orders of each product type, Number of product types)

Figure 11. Changes in the total, setup, and tardiness costs according to the number of product types.
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6.4. Change in the Effect of Delays Occurring in Real-World Continuous Processes on the
Total Tardiness

In real-world continuous process, raw materials are injected into the process operation
continuously, and the product (product material) is discharged continuously and sequen-
tially after a certain time following chemical reaction, refining, and product discharge [4].
We investigate how a delay occurring in a real continuous process affects the objective
function, total tardiness. Figure 12a,b show an example of a Gantt chart for the mixed
flowshop manufacturing process with and without considerations of delays, respectively.

In Figure 12a, delay time is not considered, so the intermediate goods, which are the
output of the flowshop, are immediately input into the third process (the second continuous
process) after the second process (the first continuous process) is completed. On the other
hand, in Figure 12b, the delay time is considered, so the intermediate goods, which are the
output of the second process, are input to the third process following a delay in the second
process. In Figure 12a, all orders are completed before the delivery date, but in Figure 12b,
the completion times of O; and O3 exceed the due date, resulting in tardiness.

Figure 13 shows the change in total tardiness according to the delay time. The ex-
periment was conducted with four levels of delay time, [0, 25, 50, 75], and the objective
function, total tardiness, showed an increasing trend. When total tardiness was increased
from 0 to 25, the number of orders exceeding the due date was relatively small, so the
increase in total tardiness was small. However, as it increased from 25 to 50 and from 50 to
75, the number of orders exceeding the due date increased, so the increase became larger.

Duey Due, Dues

(a) Not considering the delay time

Due, Due,

] I

e

S | a
w

(b) Considering the delay time.

Figure 12. An example Gantt chart for the mixed flowshop manufacturing process.

770,000

765,000

760,000

Total tardiness

755,000

Delay time

Figure 13. Change in total tardiness according to the delay time.
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7. Conclusions

This study addressed a biopharmaceutical manufacturing scheduling problem with
heterogeneous parallel mixed flowshops. The objective function was to minimize the
total tardiness. To obtain the optimal solution, the mixed-integer linear programming
model was developed. To efficiently solve the problem, two meta-heuristic algorithms, the
genetic algorithm and particle swarm optimization, were developed. In the experiment
for small-size problems, the mixed-integer linear programming model and the proposed
meta-heuristic algorithms obtained the optimal and near-optimal solutions, respectively. In
the experiments for large-size problems, three experiments were conducted by changing the
proportion of tardy orders with tardiness out of total orders. Particle swarm optimization
showed a better performance than the genetic algorithm in all three experiments. A
sensitivity analysis was conducted for particle swarm optimization, which showed a better
performance. We obtained some managerial insights through the sensitivity analysis. First,
we found that the total cost decreases and converges as the number of flowshops increases.
Second, the percentage of orders completed by a due date increases as the number of
product types increases. Third, setup and total costs decrease as the number of product
types decreases. Finally, a discharge delay time occurring in a real continuous process
increases the objective function, total tardiness.

In future studies, we will conduct research with experiential validation using real-
world data or collaboration with industry partners because no real data on the biopharma-
ceutical production process were used in this study. In this study, we developed the two
meta-heuristic algorithms suitable for a static environment of pharmaceutical scheduling.
On the other hand, state-of-the-art algorithms for use in the machine learning field are
needed to solve the pharmaceutical scheduling problem in a dynamic environment. So, we
will develop state-of-the-art algorithms for use in the machine learning field using empiri-
cal scheduling data suitable for the dynamic environment of pharmaceutical scheduling
problems. We will also conduct a comparative experiment with other population-based
meta-heuristic algorithms such as the chaotic gravitational search algorithm, ant colony
optimization, imperialist competition algorithm, gray wolf optimization, and the whale
optimization algorithm.
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Abbreviations

Parameters and Sets

F Set of flowshops

F Set of flowshops

p Set of product types

I Set of production stages

1" C T  Set of batch production stages
I¢° C I Set of continuous production stages




Mathematics 2025, 13, 485 19 of 20

) Set of orders

FTy Type of order m € O

Ny Number of orders for product type p € P

PT,;  Processing time of production stage i € I for product type p € P

Due,,  Due date of order m € O

COjp;  Sequence and production stage-dependent setup time when product type
p € Pchangestog € Pinstagei € |

Vi Processing speed on production stage i € I of flowshop f € F

Decision Variables

Ymyf 1if order m € O is assigned to flowshop f € F; 0 otherwise
Zimnf 1if order m € O immediately precedes order nn € O in flowshop f € F;
0 otherwise
Xpf The number of orders for product type p € P assigned to flowshop f € F
Cimg ~ Completion time of stage i € I for order m € O in flowshop f € F
CBjpr  Completion time of product type p € P in stage i € I of flowshop f € F
Tims Tardiness time of order m € O in stage i € I of flowshop f € F
Fcojy  Setup time of first order in stage i € I of flowshop f € F
cojf Setup time of in stage i € I of flowshop f € F
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