. JIMO, 22(3): 1325-1360.

%% Journal of Industrial and DOI: 10.3934/jimo.2026049
%E Management Optimization Received: 03 December 2025

Revised: 26 January 2026

Accepted: 06 February 2026

Published: 11 February 2026
https://www.aimspress.com/journal/jimo

Research article

A mathematical model and hyperheuristic algorithm for integrated cell
formation, cell layout and scheduling problems with a material-handling

robot constraints

Gulcin Bektur!'* and Mehmet Palta?

1" Department of Industrial Engineering, Hitit University, Corum 19169, Turkiye
2 Department of Industrial Engineering, Iskenderun Technical University, Hatay 31200, Turkiye

* Correspondence: Email: gulcinbektur@hitit.edu.tr; Tel: +90-505-490-4151.

Abstract: To increase the efficiency of cellular manufacturing systems (CMSs), decision problems
that affect each other should be addressed in an integrated manner. In this study, integrated cell
formation (CF), cell layout (CL), and part scheduling problems are addressed by considering the
material handling system and alternative routes. The job shop production environment is considered,
and material-handling robots are used for intercell and intracell part transportation between machines.
It is assumed that the machines are of different sizes. Additionally, a mathematical model is proposed.
By solving the proposed mathematical model, decisions are made to assign parts to cells, to determine
the appropriate route for each part, the layout of cells and machines, and the transportation order of
the parts on the material-handling robots, and to schedule the parts on the machines in accordance with
their routes. A hyperheuristic (HH) algorithm is also proposed, and the success of this algorithm is
demonstrated on test problems.
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1. Introduction

Group technology (GT) is a production philosophy that involves the economic production of
different types of parts by exploiting similarities in their production processes. By grouping different
machines in a cell, part families with similar production processes can be produced economically
within cells [1].

CMSs are GT-based production systems. One of the decision problems involved in CMSs is the
CF problem. In the CF problem, machines are assigned to cells, and part families are constructed [2].
Each part has a route and should be processed on the machines after the route is considered. If a part
is processed on machines in different cells, the part is transported between cells; if that part is processed
on machines in the same cell, it is transported between the machines in the cell. Considering the GT
philosophy, it is logical to produce parts with similar production processes in the same cell to reduce
material handling between cells [3]. However, because current manufacturing conditions involve
product mixes with very different production processes, it may not be possible to obtain independent
cells. In this case, parts are transported not only within the cell but also between cells.

Since the transportation of parts does not add value to the production process, high amounts of
transportation result in inefficient production processes. Furthermore, transportation times are
significantly affected by the location of the machines and the cell; thus, in some studies, the CF and
cell layout (CL) problems are considered together. Regarding the CL problem, the location of the cells
and the location of the machines in each cell can be determined [4,5], and the material handling time
of the parts affects their completion time. Therefore, CF, CL, and scheduling activities are important
decision problems that are affected by each other [2]. By solving the part scheduling problem, the part
completion time can be determined, as it is important to address these problems in an integrated manner
to obtain effective solutions instead of solving them separately.

Material handling systems are important elements that affect production processes. Today, there
are many alternatives for material handling systems, and as a result of increasing technological
opportunities, businesses have started to use material-handling robots for transportation. The use of
material-handling robots makes it possible to achieve energy savings and faster material transportation.
However, the material handling system has been neglected in many studies.

In this study, robots with the same features are used for transportation in each cell, with one robot
in each cell. In addition, a robot with a different speed is used for intercellular transportation. If material
needs to be transported in the same cell at the same time, there will be waiting times. In other words,
only one part can be transported in a cell at one time. Similarly, parts that need to be transported to
different cells cannot be transported at the same time. For a part to be transported to a different cell,
the robot used in intercellular transportation must be available. Thus, in this study, the CF, CL, and
scheduling problems are addressed in an integrated manner by considering the material handling
system and alternative routes. A mathematical model and hyperheuristic (HH) algorithm are suggested
for the problem. Because studies that consider CF, CL, and scheduling problems neglect the material
handling system, the aim of this study is to find a solution to the integrated problem by also considering
the material handling system and alternative routes. From an industrial perspective, the proposed
framework is particularly relevant for CMSs such as automotive and electronics assembly systems,
where robot-based material handling is being increasingly adopted. By explicitly modeling intracell
and intercell transportation with heterogeneous robot speeds, the approach enables more accurate
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scheduling, mitigates material handling congestion, and improves the utilization of automated
transport resources.
The main contributions of this study are summarized as follows:

e A fully integrated decision framework is proposed that simultaneously addresses CF, CL, and
scheduling while explicitly considering the material-handling system.

e Anovel robot-based material-handling structure is introduced, in which identical robots operate
within each cell, while a distinct robot with a different traveling speed is assigned for intercell
transportation.

e Realistic transportation constraints are incorporated, including robot availability, non-
overlapping transport operations, and waiting times when multiple parts request the same
transportation resource. This results in a problem formulation that explicitly schedules robot
movements.

¢ A novel mixed integer linear programming (MILP) model is proposed to optimally solve the
addressed problem for small- and medium-sized instances.

e Alternative routing options are embedded within the integrated framework, enabling parts to
follow different feasible routes.

e A hyperheuristic (HH) solution methodology is developed, together with a tailored fitness
evaluation mechanism. The heuristic is designed independently of the mathematical model and
was benchmarked not only against other heuristics but also against the MILP model on publicly
available test problems.

The second section of the article presents a literature review, and the problem and mathematical
model are presented in the third section. In the fourth section, the heuristic algorithm is provided, and
the fifth section discusses the analysis of the proposed method. The last section concludes this work.

2. Literature review
2.1.  Studies of integrated CF, CL, and scheduling problems

Few studies have considered the CF, CL, and scheduling problems together. Forghani and Ghomi [6]
considered integrated CF, CL, and scheduling problems for virtual and classic CMS and considered
alternative routes. The objective function of the study was to minimize the handling cost and cycle time.
Computer software was designed for the problem, and the simulated annealing (SA) algorithm
outperformed the other heuristics. Ebrahimi et al. [7] proposed a genetic algorithm (GA) for the
integrated problem, and the group layout and scheduling problems were solved sequentially and
concurrently. According to the results, improvements were made with the concurrent solution to the
problem. The problem has a single objective function, and the authors considered alternative
processing routes. Rahimi et al. [3] proposed a mixed integer programming (MIP) model for integrated
problems to minimize the total completion time. They considered variable cell sizes, alternative
processing routes, machine duplication, and reentrant parts. Fahmy [8] proposed a mixed integer linear
programming (MILP) model for integrated CF, CL, and scheduling problems with sequence-dependent
setups. The intercellular and intracellular transportation times were considered, and the objective
function involved the minimization of the makespan or mean flow time. Arkat et al. [9] proposed two
GA and MILP models to integrate the CF, CL, and scheduling problems while minimizing the total
completion time. They reported that compared with addressing the problems separately, the use of the
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integrated approach improved the performance of CMS. Arkat et al. [10] considered the integrated
problem in a multi-objective manner. The objective functions involved the minimization of the total
transportation cost and makespan, and a multi-objective heuristic algorithm was proposed to solve the
problem. Wu et al. [1] proposed a mathematical model and a GA for integrating the CF, CL, and
scheduling problems, and Motahari et al. [2] proposed a multi-objective algorithm in which the
objective functions involved the minimization of the transportation cost, weighted completion time,
and idle time. Heydari et al. [11] proposed a hybrid multi-objective algorithm to address the integrated
CF, intracellular layout, and production planning problem, with the objectives of minimizing cost and
production waste. Their solution approach combines branch-and-bound, genetic, and augmented &-
constraint methods to handle large-scale instances.

Although several integrated CF—CL-scheduling studies incorporate transportation or material
handling aspects, they typically model them in an aggregated manner or as simple time/cost parameters
rather than as explicit resource-constrained systems. For instance, Fahmy [8] considered intercellular
and intracellular transportation times; however, the material-handling process was not modeled as a
limited resource, and issues such as robot availability, waiting, or concurrent transport conflicts were
not addressed. In other words, the scheduling of the material handling system was not explicitly
considered. Similarly, Forghani and Ghomi [6], Arkat et al. [9,10], and Motahari et al. [2] included
transportation times or costs and, in some cases, alternative routes; however, they did not explicitly
represent the material-handling system as a robotic transportation process with capacity constraints. In
contrast, this study introduces a robot-based material-handling structure that explicitly distinguishes
between intracell and intercell transportation. It also assigns different travel speeds to these operations
and incorporates availability, non-overlapping transport, and waiting constraints. To our knowledge,
such a heterogeneous, resource-constrained robotic transportation model has not been previously
integrated into CF—CL—scheduling formulations.

2.2.  Studies of integrated CF and CL problem

In some studies, the CF and CL problems have been considered in an integrated manner. Bayram
and Sahin [12] considered the CF and CL problem with alternative routes, equal machine dimensions,
and multiple periods. They proposed an SA with linear programming and a GA to solve the problem.
Forghani et al. [13] considered the CF and CL problem with respect to assembly and energy, and
Chandrasekar and Venkumar [14] proposed an SA algorithm to solve the integrated CF and CL problem.
Feng et al. [15] considered integrated CF and CL with alternative process routings and unequal
machine dimensions. The SA algorithm was used to solve the problem. Forghani et al. [16] addressed
the CF and CL problem with a multirow machine arrangement. They considered unequal machine
dimensions, and an optimization model and a heuristic algorithm were proposed. Forghani et al. [17]
addressed an SA algorithm for the integrated CF and CL problem, and Mahdavi et al. [18] proposed a
flow matrix-based heuristic algorithm for the integrated CF and CL problem. Salimpour et al. [19]
suggested a modified multi-objective algorithm for the CF and semi-robust CL problem in which the
total material handling cost and dissimilarity of the machines in each cell were minimized. Jabal-Ameli
et al. [20] considered the integrated CF and CL problem in a multi-objective manner with alternative
routes and proposed a multi-objective scatter search algorithm.
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2.3. Studies of integrated CF and scheduling problem

Some studies considered integrated CF and part scheduling problems. Alimian et al. [21] addressed
the integrated CF and part scheduling problem with a preventive maintenance planning problem, and an
optimization model was proposed. The cost of manufacturing was decreased considering the preventive
maintenance planning problem. Ghezavati and Saidi-Mehrabad [22] proposed GA and SA algorithms
for the problem with stochastic processing times, and Karthikeyan et al. [23] considered the CF problem.
After obtaining a solution to the CF problem, the scheduling problem was considered, and the CF and
scheduling problems were solved sequentially. Liu et al. [24] addressed the CF and scheduling problem
while considering worker assignments. A discrete bacteria foraging algorithm was proposed to solve this
problem. Papaioannou and Wilson [25] proposed fuzzy extensions to optimization models for CF and
scheduling problems. In most of the studies, nonlinear mathematical models were proposed to solve the
integrated CF and scheduling problem. Rafiei et al. [26] proposed a nonlinear mathematical model, SA,
and GA to solve the integrated CF and scheduling problem, and Wang et al. [27] considered the
integrated CF and scheduling problem and aimed to minimize the total tardiness penalty cost. A
nonlinear mathematical model was proposed for the problem. Delgoshaei et al. [28] proposed a hybrid
GA-SA algorithm for the machine location and part allocation problem while considering the
drawbacks associated with cell load variation. A nonlinear mixed-integer programming model was
formulated with the objective of minimizing the total cost.

In recent years, sustainability has increasingly been considered in CF problems [29]. Almasarwah
et al. [30] proposed a stochastic mathematical model that addresses not only the manufacturing of final
products but also the remanufacturing of returned products while allowing for machine duplication. In
addition, a simulation model was developed to handle demand uncertainty.

3. Problem definition and mathematical model
3.1.  Problem definition

In this study, an integrated CF, CL, and scheduling problem is considered. The problem is defined
considering a world-class truck manufacturer. Material-handling robots are used to transport parts
between machines. Parts may be transported between machines within the same cell or in different
cells. In each cell, there is a robot to transport parts within the cell. Only one part can be transported
by each material-handling robot at a time. The transportation of parts between different cells is
conducted by a common robot, which is located in a corridor. Only one part can be transported between
cells by this material-handling robot at a time. The speed of the robots in the cells is identical and is
denoted by r, but the speed of the robot in the corridor is different than that of the other robots and is
denoted by f. In the CF problem, parts and machines are assigned to cells by considering the
similarities in production processes. In the CL problem, the arrangement of the cells within the shop
floor and the optimal arrangement of machines in the cells are determined. In this study, a continuous
CL problem is considered; in other words, it is assumed that the machines may have different sizes.
Cx,, is the length, and Cy,, is the width of machine m. FL represents the floor length, and FW
represents the floor width. In addition, each part has an alternative route, and a route should be
determined for each part. 0, , denotes the number of operations of part p in route r. For example, if
the operations of route r for part p are M1-M2-M3, the 0, , value of part p is 3. A part should be
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processed on the machines sequentially, considering the determined route, to become a final product.
aprsm 18 €qual to 1 if the operation s of part p should be processed on machine m for route r; otherwise,
it takes a value of 0. In this study, it is assumed that the cells are placed from bottom to top. In addition,
the vertical coordinates of each cell are determined (cey), and machines are placed in a single-line
layout structure in each cell. The common corridor on the left is used to handle parts between cells.
The parts are processed on machines while considering the selected route. B, denotes the
processing time of part p for operation s on machine m. Furthermore, the job shop scheduling
environment is considered. In the job shop scheduling environment, each part has a different route to
become a product. The material handling time between machines affects the completion time of parts,
and the completion time of parts affects the scheduling problem. The material handling time is related
to the CL and CF problems. Therefore, each problem is interrelated. The objective function involves
the minimization of the maximum completion time (makespan). In addition, the machine gravity
centers are accounted for when calculating the distance between machines, and the space between
adjacent machines must be equal to or greater than the minimum required space between machines
(G). Within each cell, there is an aisle for intracellular material flow through which parts can be
transported by the robot. Material flow between machines in different cells is arranged by using the
aisle on the left and the common robot. In this study, it is assumed that there is enough space in the
cells and in the common corridor for the robots to move.

An example is provided in Figure 1. Similar layouts were also used by Vitayasak and
Pongcharoen [4] and Feng et al. [15]. Machines M2-M1-M3-M4 are assigned to cell 1, machines
M5-M8-MO to cell 2, and machines M10-M6-M7-M11 to cell 3.

nr M1

m10 > M6 S

CELL1 G I { | : Y6923
I . cez

..... ceaades M2 -« > M3 < > M4 >

XCa 1,1 . : : . | Machine m | Width(CY )

A A
A

- Length (Cxp,)

A
Yy

Figure 1. Layout type.
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Rectilinear distance measurements between machines are used in this study. There are two cases
when calculating the distance between machines.
1) Assume that machines m and m’ are in the same cell k and that the sequences of machines
in the cell are | and ', respectively. The calculation of the distance between machines m
and m’ (d,, ) is expressed in Equation 1.

dm,m’ = |XCmk1 — xcm’kl’| (1)

2) Ifthe m and m' machinesareincells k and k' and sequences [ and [, respectively, then
the distance between m and m’ (d,, ) is calculated using Equation 2.

d. = {xcmkl + XCprrr + e — Yol + |yemriry — cerl; If (kK < k') 2)
i XCmpt + XCrpriyr + |Cer — YCrmpr| + YOy — ceper|; If (k' < k)

3.2. Mathematical model

Sets and indices

j',j, k', k denote the cell indices, K = {j',j, k', k|lk =1,..,N}

m,g,g', m' denote the machine indices, M ={m,g,g' m'lm=1,..,T}

s,d,s’, d' denote the operation indices, S = {s,d,s’,d'|s =1,..,G}

r',r denote the route indices, R = {r,r" |r' = 1,..,F}

0,p',p denote the part indices, O = {p,o0,p'lo =1,..,Z}

[, " denote the machine sequence indices in cells, Q ={l, l'|l =1,..,T}

t, t' denote the position of the part indices on machines, S = {t,t'|t =1,..,Z}

Parameters

Opy: The number of operations of partp for router

a _ {1; If operation s of part p of route r can be processed on machine m
prsm: (0, Otherwise

Cx,,: The length of machine m

Cyy,: The width of machine m

FL: Floor length

FW: Floor width

Pyrsm: Processing time of part p of route r for operation s and machine m

G: Clearance between machines

r: The speed of the robot used for transporting material within a cell

- The speed of the robot used for transporting material between cells

M: Large number

Decision variables

_ {1; If operation s of part p in route r is processed on machine m and in cell k

X : )
prsmk 0; Otherwise
{1; If operation s of part p is processed on machine m on positiont
Zpsmt* .
0; Otherwise
_{1; If machine m is assigned to cell k on sequence |
Ymk: 0; Otherwise
o - {1; If route r is selected for part p
P 0; Otherwise
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xa {1 ; If transportation of part p for operation s is conducted by the robot in cell k
sk 0; Otherwise
1; If transportation of p for operation s is conducted
xb { by the common robot in the corridor
0; Otherwise
XCmii: The coordinate of the x — axis of machine m assigned to k on sequence |
YCmri: The coordinate of the y — axis of machine m assigned to k on sequence |
cey: The coordinate of the y — axis of cell k

dxps(s—1ymm’: Total intracell flow distance of part p between machine m and m’ for operation s

dYpss—1ymm’: Total intercell flow distance of part p between machine m and m’ for operation s

CTysm: Completion time of part p for operation s on machine m

STysm: Processing starting time of part p for operation s on machine m
C,: Completion time of part p

TSys: Transportation starting time of part p before operation s

TC,s: Transportation completion time of part p before eration s

Cmax: Makespan

Model
Min Z = Cpax 3)
xprsmk = repr X Zl aprsm X Ymki V(k' s, r,m, p) (4)
Zm kaprsmk =Tepyr V(s < Op,rir' p) (5)
Xr Tépr = 1v(p) (6)
Yk 2 Ymi =1 VY(m) (7)
YmYmia = 1 V(k,D (8)
YmYmil < Lo Ym'ka-1y ~ V(k, 1> 1) 9)
XCmk1 > =2+ G- MXx (1 - Ymkl) V(m k) (10)

me

XCmki = XCop'g(1-1) 4y Cmy 6 M x (2 = Ymrt = Ym'k-1))

vim,m', k,1>1,m#m") (11)

Yo Z 2246 =M X (1= Yy ¥(m, 1) (12)

Vi < =22 y*" +G+MxA=yny) V(D (13)

YCmki = C€r_1 +— +6-—-MXA=yua) YiMmLk>1) (14)
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ce; Z2Cyy +2XG—-—MXA—-ynq1) V(im) (15)
cep=>cey 1 +Cy +2XG—MX(A—=yur) ViMmLk>1) (16)
dxps(s—l)mm' 2 [xXCmpr — XC | = M X (4 = Vit = Ym'kt! — Xpr(s—1)m'k — xprsmk)

vk, I,m',s,r, pml'and m #m',l' <l,) (17)

des(s—l)mm’ = XCmkt T XCpp/gyr + lcex — yemial + |ycm’k’l' — cey| —
M X (2 = Xpr(s—1ym’k’ — Xprsmk) V(p,m',s,r,mLl'and k < k') (18)

dyps(s—l)mm’ = XCpr T XCpptpyr + Icek' = Yempal + chm’k'l' - Cek'l -
M X (2 = Xprsmk = Xpr(s—1)ym’k’) V(ip,r,mm', LU,k k' ,sand k' < k) (19)
thpsmt =21-MX (1 - xprsmk) V(p, r,s,m, k) (21)
Xt2m Zpsme < 1 vV(p,s) (22)
Zp Zs Zpsmt <1 V(m, t) (23)
Zp Zs Zpsmt-1 = Zp’ ZS' Zp's'mt v(m,t > 1) (24)
CTypsm = STpsm + Porsm — M X (2 — Zpgme — 1€, )V(E, M, 5,7, D) (25)
STpsm = CTprgty — M X (2 = Zpsme — Zp's’m(t—l)) V(p,p',s > 1,s',m,t) (26)
STpsm = CTps—1ym’ = M X (2 = Zpsimt — Zps—1ym'e’) V(s >1,m,m’,p,t") (27)
Cp = CTysm V(p,s,m) (28)

dx - / dy - /
ps(s—1)mm ps(s—1)mm
TCpS 2 TSpS + < + f ) - M X (2 - Zpsmt - Zp(s—l)m't')

v(m',p,t',s > 1,m,t) (29)
TSps = CTps—1ym  V(p,s > 1,m) (30)
STysm = TCps  Y(p,s,m) 31
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TSyrgr = TCps — M X (2 — xapgy — Xaprgr) — M X (1= fiypreer)
V(s'">1,p,p',s >1andk)
TSps 2 TCprgt — M X fiyrger — M X (2 — Xy g — XQpg)
V(p,s > 1,p,s" > 1,k)
TSyrsr = TCps —M X (1= fopprsr) = M X (2 = Xbps — Xbpyrsr)
V(p,s >1,s">1,p")
TSys = TCprg — M X fo

pp'ss’ M x (2 - Xbps — Xbplsl)

V(s> 1,p,p,and s’ > 1)

Yt Xm 2s Zpsmt = M X (1 - repr) + 0ppr v(r,p)
Cxm
XCpp +—— + G <FL V(l, k,m)
Cym
Yema + =+ G<FW v(m,k,l)
XApsik S 1+ M X (2 = Xprsmk = Xprs—1ym'k) Y(M,p,s > 1k, 7,m")
XApsk = 1= M X (2 = Xprsmk — Xprs—1ym't) Y(®@,5 > Lk, 7,m,m’)
Xbps S 1+ M X (2 = Xprsmi — Xprs—ym'x’) Y@, 7, mm' kk's >1,) k # k'

Xbps = 1 =M X (2 = Xpr(s—1ym'k’ — Xprsmk) V(1 k',mp,s >1,m)k # k'

M X Ympr = XCp V(l,m, k)
M X Y1 2 YCmii v(l,m,k)
Cnax = Cp v(p)

xprsmka Ymkl» reprrxbpsrxapsk € {0'1}

XCmki> YCmki> CE€k, dxpss'mm'o dypss’mm"cmax =20

(32)

(33)

(34)

(35)

(36)

(37)

(38)

(39)

(40)

(41)

(42)

(43)
(44)
(45)
(46)

(47)

Equation 3 is the objective function and minimizes the makespan, and Equation 4 ensures that the
operations of the parts are assigned to cells while considering the route and machines. Equation 5
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ensures that the operation of a part is assigned to a cell and machine while considering the selected
route. Equation 6 ensures that a route is selected for each part, and Equation 7 ensures that each
machine is assigned to a sequence of a cell. Equation 8 ensures that at most one machine may be
assigned to each sequence of cells, while Equation 9 ensures that the machines are assigned to the cells
sequentially. Equation 10 is used to calculate the coordinates of the x-axis of the machines assigned to
the first sequence of each cell. Equation 11 is used to calculate the coordinates of the x-axis of machines
assigned to sequences other than the first sequence of a cell. Equations 12 and 13 are used to calculate
the coordinates of the y-axis of the machines in the first cell, Equation 14 is used to calculate the
coordinate of the y-axis of machines assigned to a cell other than the first, Equation 15 is used to
calculate the coordinate of the y-axis of the cell in the first row, and Equation 16 is used to calculate
the coordinates of the y-axis of the other cells. Equation 17 is used to calculate the flow distance
between machines in the same cell, while Equations 18—19 are used to calculate the flow distance
between machines in different cells. Equations 20 and 21 ensure that if a part is assigned to a machine
in a cell, it is assigned to a position in the machine, and Equation 22 ensures that the operation of a
part is assigned to a maximum of one machine. Equation 23 ensures that at most one part is assigned
to a position of each machine. Equation 24 ensures the sequential assignment of jobs to machine
positions. Equation 25 is used to calculate the completion time of parts for operations. Equations 26—
27 are used to calculate the processing starting time of the parts, and Equation 28 is used to calculate
the completion time of the parts. Equation 29 is used to calculate the transportation completion time
of parts. Equation 30 ensures that after an operation on a part is completed, transportation for the next
operation may start. Equation 31 ensures that the part is transported to a machine before it can be
processed on that machine. Equations 32—33 ensure the transportation of only one part at a time by
using the robots in each cell, and Equations 34-35 ensure the transportation of only one part at a time
with the common robot. Equation 36 ensures that parts are assigned to the number of machines
considering the number of operations. Equation 37 establishes that the coordinates of the x-axis of the
cells are less than FL, and Equation 38 establishes that the coordinate of the y-axis of the cells is less
than FW. Equations 39 and 40 ensure that the robot in the relevant cell transports the part if the
consecutive operations of the part are to be performed in the same cell, and Equations 41 and 42 ensure
that the common robot transports the part if the consecutive operations of the part are to be performed
in different cells. Equations 43 and 44 ensure that the x-coordinate and y-axis in the relevant cell are
calculated if the machine is assigned to that cell. Finally, Equation 45 is used to calculate the objective
function of the problem, and Equations 46 and 47 are sign constraints.

3.3. Linearization of the model

The model becomes nonlinear due to Equations 4, 17, 18, and 19. A new, auxiliary binary variable
Lepymy 1s defined for linearization. Additionally, Equations 48-50 are added to replace Equation 2.

xprsmk < Leprmk X aprsm V(p, r,s,m, k) (48)
2 X Lepymi < rep, + YiVYmr V(r, k,m,p) (49)
Leprmk +12= repr + Zlymklv(r' kr m, p) (50)

Finally, Equations 51-56 are added to replace Equations 17, 18, and 19, and the model was made
linear.

Journal of Industrial and Management Optimization Volume 22, Issue 3, 1325-1360.



1336

AXps(s—1)ymm’ = XCmpt — XC'ir’ — M X (4 = Xprsmk — Xpr(s—1ym'k — Ym'kt! — Ymki)
V(k,r,m',[,p,s,;ml'and ' < l,m #m') (51)

AXps(s—1ymm! = ~XCmkt + XCtjyr — M X (4 = Xprs_1ym'k = Xprsmk = Ym/kt! — Ymki)
V(k,r,m',l,p,s,m,l'and m+m', 1l <) (52)
AYps(s—1ymm’ = XCmit + XCpr iy — M X (2 = Xpr(s—1ym'k’ — Xprsmk) T (€€ — YCmpr) +
ey —cer)  Y(m,smLlU,rand k <k") (53)
AYps(s—1ymm’ = XCmit + XCpr iy — M X (2 = Xpy(s—1ym’k’ — Xprsmk) + (—C€x + YCmpr) +
(=ycprer +ce) VY(p,m,ssmll,rand k <k') (54)
AYps(s—1ymm’ = XCmkr + XCrmrjr — M X (2 = Xpr(s—1ym'’ — Xprsmk) + (C€x’ — YCmpa) +
ek — cexr) V(p,m',s,mLl,rand k < k") (55)
AYps(s—1ymm’ = XCmit + XCprir — M X (2 = Xp 1 (s—1ym’ k" — Xprsmi) T(—cepr + yem) +
(=ycpriry +cer) V(k',p,m' k,ssm LU, rand k' < k) (56)

3.4. Example problem

There are 4 parts, 2 routes for each part, 4 machines, and 2 cells. The Oy, Aprom, and Py
parameters are provided in Table 1, and the processing times, given with (), can also be found in Table
1. The (Cx,Cy) values for each machine are (2,3), (4,2), (5,4), and (3,5). FL and FW are 12, and

the speed of the robots is 2 units. The clearance between machines is 1.

Table 1. O, aprem,and P,sy parameters.

Parts Route 1 Route 2

1 M1(2)-M2(1)-M4(4) M2(1)-M3(3)-M4(4)
2 M2(1)- M4(4) M1(2)-M2(1)-M3(3)
3 M3(3)-M1(2) M1(1)- M4(4)

4 M2(1)-M3(3) M1(1)-M3(3)
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Figure 2. Layout of the obtained solution.

Y E [ 1] [ 4 ] [ 2 ]
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Common Robot 1 | 4 | 2 3
7.25 13.5 19.75 27,75

Figure 3. Processing and transportation sequences of parts on machines and robots.

Route 2 is selected for parts 1 and 2, and Route 1 is selected for parts 3 and 4. The total flow
distance between machines 2 and 3 is 12.5, that between machines 3 and 4 is 5, that between machines
1 and 2 is 4, and that between machines 3 and 1 is 16. The makespan is 29.75. The layout of the solution
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is depicted in Figure 2, and the processing sequence of parts on related machines and the transportation
sequence of parts on the robots are given in Figure 3.

In this study, the MILP formulation is introduced solely as an exact reference model to represent
the problem in an optimal and rigorous manner. However, owing to the NP-hard nature of the problem,
this formulation can be solved only for instances of limited size. For this reason, the heuristic-based
solution approach is proposed to handle larger problem instances. Notably, the proposed heuristic is
not designed to operate in cooperation with the MILP model. Instead, feasibility with respect to the
problem structure is ensured through a dedicated decoding procedure embedded within the heuristic
framework. By means of this decoding mechanism, valid solutions can be generated directly without
relying on the MILP formulation. The results obtained from the MILP model are used only as a
benchmark for small-scale instances to evaluate the performance of the heuristic approach.

4. Hyperheuristic algorithm

HH algorithms are high-level search methodologies that focus on problem-solving methods [31].
There are two classes of HH algorithms, as they either select existing heuristics or generate new
heuristics. While heuristic-generating algorithms are generally designed on the basis of genetic
programming, algorithms that select from a series of heuristics are designed on the basis of
metaheuristic algorithms. HH aims to obtain solutions by effectively using many different heuristic
algorithms. Many factors, such as the order of the heuristic algorithms, the parameters of the heuristics,
and the neighborhood structures, affect the success of the heuristic algorithm [32]. Furthermore, these
algorithms automatically make decisions, such as the order, parameter values, and neighborhood
structures in which a series of heuristic algorithms will be used. HH algorithms also consist of two
levels: high-level strategies and low-level strategies. The low-level strategy involves a series of
heuristic algorithms, and the high-level strategy determines the order, parameters, and neighborhood
structures in which the low-level algorithms will be used. While the high-level heuristic works in
heuristic space, the low-level strategy works in the solution space. In this study, the low-level heuristic
algorithms include the GA, artificial bee colony (ABC), and hill-climbing (HC) algorithms.

In the first subsection, the steps of the GA, ABC, and HC algorithms are discussed. In the second
subsection, the HH approach is explained, and in the third section, the solution representation and
decoding algorithm are provided. The proposed algorithm differs from the literature, which considered
the decoding algorithm and HH approaches based on the GA, ABC, and HC algorithms.

The flowchart of the HH algorithm is given in Figure 4.

Low-level heuristics (GA, ABC, and HC) were selected because they rely on fundamentally
different solution selection mechanisms, local optimum escape strategies, and intensification behaviors,
which are essential for assignment and scheduling problems. The GA promotes diversification mainly
through mutation, while promising individuals are selected using tournament selection. In contrast,
ABC generates new candidate solutions via a population-based mechanism involving employed,
onlooker, and scout bees, enabling adaptive exploration without rigid construction rules.
Diversification in ABC is primarily achieved through the scout bee phase, where entirely new solutions
are generated. HC complements these approaches with a purely greedy strategy that rapidly improves
solutions through local moves. The combined use of the GA, ABC, and HC allows for the
hyperheuristic framework to exploit complementary solution selection, diversification, and
intensification strategies.
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Figure 4. Flowchart of the proposed HH.
4.1. Low-level heuristics
4.1.1. Genetic algorithm

In the GA, the initial population with N, individuals is randomly generated, and the fitness
value of each solution is calculated with the proposed decoding algorithm. The mating pool is obtained
via tournament selection, and the solutions are randomly matched. Crossover and mutation operators
are implemented in the population by considering the crossover rate (Cr) and mutation rate (Mu).
These operators are also applied to the solutions in the permutation representation. A two-point
crossover operator is used in the study. In the mutation operator, two randomly selected parts (machines)
are replaced, and the fitness of the new population is calculated with the decoding algorithm. The
algorithm is run until the number of generations (NP) is reached. Genetic algorithms do not rely on
explicit acceptance rules; instead, solution survival is governed by fitness-driven selection mechanisms,
where high-quality individuals are more likely to be retained in the population.

4.1.2. Artificial bee colony algorithm

The ABC algorithm is a swarm-based heuristic algorithm that was proposed by Karaboga [33],
which simulates the foraging behavior of bees. The ABC algorithm has three stages: the employed bee
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phase, the onlooker bee phase, and the scout bee phase [34]. First, Np,, solutions are generated
randomly, and the fitness values are calculated. The trial value of each solution is set to zero. In the
employed bee phase, each solution is randomly matched with another solution, a two-point crossover
operator is applied, and a new solution is obtained. If the new solution is better than the original
solution, the original solution is replaced with the new solution, and the trial value of this solution
is set to zero. Otherwise, the trial value is increased by 1. The fitness values of the solutions are
calculated by Equation 57.

1 .
£(D) =1 120 IfZ(i)=0 57)
1+120)] If Z(i) < 0

The probability value is calculated by Equation 58, where F is the maximum fitness value.
G ()
Probability(i) = 0,9 X — 0,1 (58)

In the onlooker bee stage, solutions are selected considering the probability values of the solutions.
Each solution is randomly matched, a new solution is obtained by using two-point crossover, and the
trial values are calculated. In the scout bee phase, solutions with trial values greater than the limit
value are replaced with a random solution, and the iteration count is increased by 1. The algorithm is
run until the iteration count is equal to maxtrial.

In both the ABC and GA procedures, offspring are generated through a two-point crossover
mechanism applied to permutation-based encoding. The working principle of this operator is illustrated
in Figure 5. Two cut positions are randomly selected along the machine and part sequences. For each
child, the segments located before the first cut and after the second cut are directly inherited from one
parent, while the remaining section is completed by preserving the relative order of the elements taken
from the other parent. In this way, the feasibility of the permutation structure is maintained when
information from both parents is combined.

Machines Parts
r - - a
i l ‘ v
15t Parent 1 3 4 5 & 7 2 3 1 4 5 6 2
2Nd parent 7 2 3 & 5 4 1 6 5 3 2 1 4
T T rs
15t Child 1 3 6 5 4 7 2 3 1 5 4 6 2
2nd ~hild 7 3 6 2 5 4 1 6 5 3 1 2 4

Figure 5. Two-point crossover.
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4.1.3. Parallel hill-climbing algorithm

The HC algorithm is a local search algorithm that is used in many optimization problems [35,36].
In this study, the steepest mutation-based parallel HC algorithm is employed [37]. In this algorithm,
Npop solutions are generated, and new solutions are generated from the initial solutions with the swap
operator. In the swap operator, a random value n is generated for each solution separately for the
machine and part segments. Accordingly, n randomly selected positions are exchanged within the
machine and part sections to generate new candidate solutions. The value of n is randomly drawn from

. T T . ) zZ z .
the intervals [Z' E] for the machine section and [Z’E] for the part section, where T and Z denote the

sizes of the machine and part sequences, respectively. If the new solutions are better than the initial
solutions, the initial solutions are replaced by the new solutions, and the iteration count is increased
by 1. The algorithm runs until the iteration count is equal to NP.

4.2. Hyperheuristic approach

In this study, three low-level heuristic algorithms, the ABC, GA, and HC, were chosen. With the
use of high-level heuristics, the probability of choosing more successful algorithms is high [31]. Thus,
in this study, a HH algorithm was designed with the method introduced by Wang et al. [37].

The relative improvements of each algorithm at iteration t are calculated by using Equation 59.
nk(t) denotes the relative improvement of the k™ algorithm for iteration t.

Zpest—Znew
e (£) = max {0, Zres=Znew} (59)

best

The selection probability of each algorithm is updated considering Equations 60-62. Ayy is the
randomization ratio.

pea’ (t) = pea(t) + Ayy + nga(t) (60)
PABC (t) = Papc(t) + Apy + Napc(t) (61)
pre” () = puc(t) + Ayy + Ny (t) (62)

Feedback mechanisms are implemented by using Equations 63—65, which are given below:

t+1) = P O (63)
Pea R OO ©

Dasct+ 1) = P (64)
ABC P O+PRGLO+PEY ®

t+1) = i’ (65)
Prc T OO ©

p,(t + 1) denotes the selection probability of the k™ algorithm for iteration t + 1.

The HH method is described below.
Procedure: Hyperheuristic
Input: Problem parameters and parameters of the algorithms
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Output: Optimal or near-optimal solution
Set initial values of p.,, D pc» and Py with equal probabilities
for i=1:maxIter
rand«—random();
if (rand<p,)
select the GA;
elseif (rand>p . ,)and (rand<(p ., + P 45.))
select the ABC;
else
select the HC;
end
Calculate the relative improvement;
Update the selection probabilities;
end

4.3. Solution representation and decoding algorithm

In the addressed problem, route assignment to each part, machine assignment to the cells, the
determination of the appropriate layout, and job scheduling on the machines are conducted in an
integrated approach while considering the material-handling robot. All of these decision problems
should be solved to calculate the objective function value of a solution. A decoding algorithm with
four stages is proposed to calculate the objective function of a random solution. In the first stage, the
individuals in the population are randomly generated. In the second stage, the layout problem is
considered, and in the third stage, the route for each job is assigned. In the fourth stage, the parts are
scheduled on the machines considering the material handling system.

Machines Parts

A |
[ \l \ T‘g
>
15 Individual (R, ) N D B FVE R O F O I E O B 2
=
£
an .. Ml 2 MT 1 2 Z S
Individual (Rz) 2 | Mz | - 2 Iz I3 S £ S
S
4
—
th 1 2 T 1 2 Z %))
NPOPmdiVidual(RNpop) MNPOPMNpozw MNpop ]NPOP ]Npop ]Nzwp 8
(9p]

Figure 6. Stage 1: Random individuals.
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4.3.1. Stage 1: Random individuals

The initial solution matrix of size (Npop*(T+Z)) is randomly generated, with the population size
(Npop), the number of machines T, and the number of parts Z. In the matrix, the machines are randomly
ordered in the first part, and the jobs are randomly ordered in the second part. The first T cells make
up the first part, and the other sequential Z numbers of the cells constitute the second part. The
generated matrix is denoted by R;. A representation of the individuals is provided in Figure 6.

~\
~ B <ks=N
: 11 T <ks
2 st A ’ 1,S1
1 A k
N 1% Cell 1 <Iss]
g
5= nd 2,1 2,52
o} ~ £
= =
- -:
= o
-
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= N cell |Vt || g @
(2] 1 =
s S
- :
5 ks
§e;
~ &
S - 5
~ R 1 -
< 15t Cell A}v'l Al'SNpop =
< pop N
pop e
< S
>S5 2
S 2™ Cell Ai,'l AZ’SNpop =
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N
i 2,
§ Nt! Cell AN N.Sipop ©
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-
<} L
0
i)
S

Figure. 7. Stage 2: Cell formation and layout algorithm.

4.3.2. Stage 2: Cell formation and layout algorithm

In the CF and layout algorithm, the random solutions generated in Stage 1 are considered. By
using this algorithm, the machines are assigned to the cells, and the layout is determined. The section
in which the machines are randomly ranked in the Ri matrix is considered. Starting from the first
individual, the first machine is assigned to the randomly selected k* cell, and Sl-k* is increased by 1.
Sk denotes the number of machines assigned to cell k for individual i. After the assignment, the area
of cell Wj« that is being used is calculated, and the next machine is assigned to the cell k* so that
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the area used in the relevant cell does not exceed the FL value. Equation 66 is used to determine the
cell k* to which the next machine M should be assigned.

k* « arg 1r<r1ka<>1<v{(FL — W)W + G+ Cxy, < FL} (66)

If no cell that does not exceed the FL value for the related machine M is available, an infeasible
solution is obtained, and the inf; value of the relevant solution is set to 1. After all of the machines
are assigned, if the inf; value of the current solution is 0, the cej, value of each cell is calculated. If
the cey value ofthe last cell is less than FW, the relevant solution is a feasible solution and is recorded.
Otherwise, the inf; value is set to 1. After running the algorithm for all individuals, instead of
individuals whose inf; value is 1, the randomly selected feasible individuals whose inf; value is 0
are recorded. Thus, a population with N, feasible solutions is obtained. An example representation
after applying the algorithm is given in Figure 7.

Procedure: Cell formation and layout algorithm
Input: Random individuals (R;), FL, FW, Cx,,, Cy,, G, T, N,

pop
Output: Assignment of machines to cells and layouts of cells (Af'l)
For i=1:Np,,
Sk« 0, A <0, inf, « 0; W < 0; (1<k<Nand1<I1<T)
For j=1:T
M« M/

//Select the cell k* with maximum empty space and the
//assignment of machine M to cell k* does not exceed the FL
k" « arg max {(FL = W)Wy + G + Cxy < FL}:SK « S 4+1; Wi « Wi + G + Cxyy;

Assign machine M to cell k*to Sl-k* position and [ « Sik*; Ai-‘*'l « M;
(k™ == {})
Infeasible solution and inf; < 1;
End
End
If (inf; == 0)
For k=1:N
If (k==1)
ce, « 12}2;1( (ZG + CyAi;,z);
Else
cep < cep_q + 122;({{ (ZG + CyA?,z);
End
If (cey > FW)
inf; < 1;
End
End
End
If (inf;==0)
Save A?'l;
End
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End
For i=1: Ny,
If (inf; == 1)
Select a random solution i* with inf;»=0 and replace the layout of individual i with the i*
solution; Ai-"l «— Aiﬁ:l:
End
End

4.3.3. Stage 3: Route selection

In this stage, a route is determined for each part. The distance between the machines in each route
is calculated, and the route of each part is selected with the minimum total machine distance. In total,
two solutions are created from each individual. One is the solution in which the routes are determined
randomly, and the other is the solution in which the routes have the minimum machine distance. As a
result, 2xN,,,,, individuals are generated in this stage. The route of individual i for part J is denoted by

routei] .
4.3.4. Stage 4: Scheduling algorithm considering material-handling robots

The scheduling of the parts is carried out by considering the selected route and layout of the cells.
In the scheduling phase, the completion time and objective function of the parts are calculated so that
each robot in the cells and in the common corridor can carry a single material at a time.

The objective function of the entire population is calculated starting from the first individual in
the population. To calculate the objective function of individual i, first, the part in the R; matrix for
which the jobs are ranked and for the first job in order (T+1) is accounted for, and this part is assigned
the value of J. Ny denotes the number of operations of part J and is assumed to be 1. Part J is processed
on machine m* for operation Nj, and the completion time of operation Nj for part J on machine m*
is calculated with Equation 67, which is provided below. Pjy;m* is the processing time of the
operation Nj for part J and machine m®. The first operations of all of the parts listed in the R; matrix
are assigned to the relevant machines, and CTy,~ is calculated. The completion time of operation Nj

for part J (PT](N])) is equal to CTy,+.
CTm* — CTm* + P],N],m* (67)

The operation count Nj of part J is increased by 1 unit (Nj « Ny + 1). Then, starting from the
first part in R;, the robot to be used for transportation for the N; operation for all parts is determined.
First, the transportation completion time of all robots TC, is taken as zero. TC, is the time at which
the robot completes the transportation operation. The o index takes values between 1 and k+1. If o
takes the value k+1, it means that the common robot will be used for transportation. If the o index
takes the value k, the robot in cell k will be used for transportation. If the machine m* used for the
operation (N; — 1) and the machine m™ to be used in the operation N; are in cell k* for job J, the

TLI;(‘:* value is calculated. TLI;(I:* shows the completion time of the transportation operation of the
alternative ny+ incell k*. ng- issetto 1. TLrlllf* is calculated with Equation 68 below. While TLII?E*
is being calculated, the completion time of the robot's maximum value from the previous transportation
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task and the completion time of the previous operation of the part are added to the distance between
the two machines divided by r (the speed of the robot). Thus, the transportation completion time for
alternative ny+ on robot k* is found. Asllzi‘* shows the parts assigned to the robot k* in terms of
the number of alternative parts ny:.
The ny- value for the robot k* is increased by 1 (ng+ < ny= + 1).
Ny, * (N —1)

TL S = max (TC, PTy ) +dxy (n,—1) Ny m*m*/T (68)

If the machine m* used in operation (Nj — 1) and the machine m™ to be used in operation

(Nj) are in different cells, the value of TLIll(lj_Jfl1 is calculated with Equation 69.

TLE = max (TCpq, PTO P

)+dy,vy—1) Ny m*m* /T (69)

After determining the robots to be used in the relevant operation for all jobs and calculating the

TLg® values, the part with the smallest completion time for robot o is found by using Equations 70
and 71.

p* « arg nrllin(TLI;") (70)

part—As? (71)

The transportation completion times of all of the robots TC, are updated. The completion time
of the operation Ny, of the relevant part on the relevant machine is calculated with Equation 72 and
denoted by CT,,:. When calculating CT,,+, the processing start time of the part on machine m"* is
taken as max (CTy*, TC,). Thus, processing of the related part begins after transportation for the
relevant job is completed and the machine becomes idle. The start time and the processing time are
added to determine the completion time (CT,*).

CTy < max (CTyyr, TCo) + PpartNyrem® (72)

The operation count of the part is increased by 1. If the last operation of the part has been
performed, the NTp, value is updated from 0 to 1, and the S value is increased by one. The steps
continue until the S value, that is, the part number on which the last operation was performed, is equal
to Z. The objective function for the relevant individual is recorded, and the algorithm runs until the
objective functions of all individuals are calculated.

Procedure: Scheduling algorithm considering material handling robots
Input: Af'l,P, Bysm> Cxm, C¥m, G, T.1,f,Qprsm,0pr.R;, TOULE;
Output: Objective function value of solutions (Crax(i))
For i=1:P
CThoe<0 @@A<m<T)
For I=T+1:T+Z
]<—Rli; Ny« 1;
Assign | to related machine m* of operation N; considering route;
Calculate completion time of the operation of N; of part J; CTp» < CTp- + Py Njm* 3
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N
PT;” & CTyp; Nj &« Ny + 1

End
TC, <« 0; NTj«—0; S—0; (1<o<k+1) (1<I<Z)
While(S<Z)
TL® « 0; ny « 1; (I<o<k+l)
For 1=1:Z
If (NT; == 0)
Determine the material handling robot to transfer part 1 between machines of
operation Nj and (N] — 1) and assume the operation of (N] — 1) is on machine
m* and the operation of Nj is on m™;
If m* and m™ are in the same cell an in cell k* use the material handling robot
K
TLI;(I,S* = max (TCy+, PTI(N]_l))-i-dXL(N]_l) Ny ,m*,m**/r;AsEf* « Lng < npe= + 1;
End
If m" and m*™ are in different cells use the material handling robot k+1 ;
LY = max (TG, PTC)+dyy -1y Ny e/
Aspf — hngyy ey + 1
End
End
End
For o=1:k+1
Determine the part with minimum TL,;
p* « arg rr111in(TL20); part«—Asg*; TC, « rrr11in(TL2°);
Assign par% to related machine m* of ope;ation Npart considering route;
Calculate completion time of the operation of Ny, of part;
CTm* < max (CTm*'TCo) + Ppart,Npart,m*; PTI;V;?: < CTm*§ Npart < Npart +1;
If (Npart > Opart,r) and (NTpart ==0)
NTparee— 1; Se=S+1;
End
End
End
Crax(i) < max (CTy,) 1<m<T)
End

The proposed algorithm is illustrated through an example problem, as shown in Figure 8. In the
first stage, a random individual is generated. In the second stage, the cell formation and layout
algorithm is applied based on this individual. As a result, Machines 1 and 2 are assigned to Cell 1,
while Machines 2 and 3 are assigned to Cell 2. In the third stage, a processing route is determined for
each part, either randomly or by selecting the route with minimum transportation cost. In the example
problem, random routes are selected for all parts.

In the final stage, scheduling is performed by explicitly considering the material handling robots.
According to the obtained results, the objective function value is 29.75, which is equal to the optimal
solution of the problem.
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Siage 1: Random Individuals
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A
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Stage 2: Cell formation and - >
layout algorithm 12
Random route 2 2 1 1
Route with min transportation 2 1 1 1
Stage 3. Route selection
Part | Route | Machine | Starting time Comp. time | Intra cell Intercell Trans. Trans.
trans. trans. start comp.
1 2-3-4 M2 0 1 - v 1 7.25
M3 7.25 10.25 v (R2) - 10.25 12.75
M4 12.75 16.75 - - - -
4 2-3 M2 1 2 v 7.25 13.5
M3 13.5 16.5 - - - -
2 1-2-3 M1 0 2 v (R1) - 2 4
M2 4 5 - v 13.5 19.75
M3 19.75 22.75 - - - -
3 3-1 M3 0 3 - v 19.75 22.75
M1 22.75 29.75 - - - -

Stage 4: Scheduling algorithm considering the material handling robots.

Figure 8. Application of the decoding algorithm to the illustrative example problem.
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5. Analysis

Test problems, the algorithm parameters, comparisons of the proposed algorithm with the GA,
HC, and ABC algorithms, and statistical analysis are discussed in this section.

5.1. Test problems

The dataset was generated in accordance with the literature [4,38]. The characteristics of the
dataset are provided in Table 2. Instances with 3 machines are small instances, those with 7 or 10
machines are medium instances, and those with 15 or 20 machines are large instances. All instances
are represented as Mendeley data [Bektur, Giilgin (2025), “Cell Formation Cell layout and scheduling
problem”, Mendeley Data, V1, doi: 10.17632/59jy9zpcjz.1].

Table 2 summarizes the main characteristics of the test instances used in the computational study.
Structural variability is introduced through different numbers of alternative routes and cell
configurations. In particular, the number of routes controls the degree of routing flexibility, whereas
the number of cells reflects different levels of intercell movement. This design allows for the
performance of the proposed approach to be evaluated across a wide range of problem sizes and
structural conditions. Two test problems were generated for each problem characteristic, resulting in a
total of 102 test problems.

Table 2. Characteristics of the instances.

# Machines # Parts # Routes # Cells Size

3 5,7,10,12,0r 15 20r3 2 Small

7 5,7,10,12, 15, or 20 3 20r3 Medium
10 10, 12, 15, 20, or 25 3 3or4 Medium
15 12, 15, 20, 25, or 30 3 3or4 Large
20 15, 20, 25, 30, or 35 3 3or4 Large

5.2. Comparison

In this study, the proposed algorithm was compared with the MILP, GA, ABC, simulated
annealing (SA) [11], and HC algorithms. The parameters of the proposed algorithm are
Npop, Mu, Cr, NP, maxlter, limit and maxtrial. These parameters are determined on the basis of
the literature and preliminary experiments and are provided in Table 3. The HH, ABC, HC, and GA
algorithms were run with the same number of iterations and solutions. For SA, the parameters include
the initial temperature (T}), the cooling rate (q), the number of iterations at each temperature (N), and
the final temperature (7). In the SA algorithm, neighborhood solutions are generated using swap
moves applied to the permutation representation. The decoding algorithm is then employed to
transform these permutations into feasible solutions and to evaluate their objective function values.

The results of the instances considering the MILP, GA, HH, ABC, HC, and SA algorithms
according to the number of machines are given in Tables 4-8. In these tables, T represents the number
of machines, N represents the number of cells, Z represents the number of parts, and F represents the
number of routes. As shown in Table 4, the MILP model found optimal solutions for instances with 3
machines and 5 or 7 parts. Furthermore, the MILP model obtained a feasible solution to instances with
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3 machines and 10, 12, or 15 parts. The proposed algorithm also found optimal solutions for instances
in which the MILP model found optimal solutions. However, the proposed algorithm produces the
same or better solutions for instances in which the MILP model provided feasible solutions, as is also
shown in the table. Instances with 7 machines are given in Table 5, which shows that the MILP model
provided a feasible solution to instances with 7 machines and 7, 10, or 12 parts. The HH algorithm
provided better solutions than the MILP model. However, as shown in Table 5, the proposed algorithm
produces better or the same solutions as the MILP, GA, ABC, HC, and SA algorithms for all instances.
The results with 10 machines are presented in Table 6, which shows that the HH algorithm produced
better or the same solutions as those provided by the ABC, GA, HC, and SA algorithms except in one
instance. In Table 7, the results for 15 machines are given. This table shows that the HH algorithm
provided the best solutions for all instances. Furthermore, as shown in Table 8, the HH algorithm
produced the same or better results except for one test problem.

Table 3. Parameters of the algorithms.

Algorithms Parameters Value
Hyperheuristic Npop 200
Mu/Cr 0.8/0.2
NP 100
Ayy 0.75
maxlter 10
limit 5
maxtrial 100
GA Npop 200
Mu/Cr 0.8/0.2
NP 1000
ABC limit 5
Npop 200
maxtrial 1000
Hill climbing Npop 200
NP 1000
SA To 200
q 0.99
N 200
Tr 0.01
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Table 4. Results for test problems with 3 or 7 machines.

T Z F N MILP GA HH ABC HC SA

Z CPU Z CPU Z CPU Z CPU Z CPU  Z CPU
3 5 2 2 12025 * 3 120.25 417 12025 49 12025 7.92 120.25 361 120.25 4.63
3 5 2 2 717 * 2 77 33 77 494 77 6.57 77 3.14 77 5.18
3 7 2 2 169 * 942 169 3.64 169 5.27 169 754 169 3.48 169 5.44
3 7 2 2 131 * 92 131 323 131 423 131 6.65 131 3.06 131 6.16
3 10 2 2 191 3600 186 428 186 6.17 186 9.11 186 4.2 186 8.21
3 10 2 2 191 3600 191 405 191 9.04 191 851 191 3.89 191 5.81
3 12 2 2 247 3600 247 5.05 247 19.7 247 10.61 247 489 247 8.41
3 12 2 2 193 3600 193 423 193 8.92 193 896 193 414 193 6.45
3 15 2 2 278 3600 271 5.84 271 12.38 271 12.52 276 5.61 276 9.42
3 15 2 2 247 3600 247 5.97 247 13.45 247 12.59 247 5.8 247 12.81
3 3 2 72 * 7 72 301 72 464 72 6.22 72 286 72 4.87
3 3 2 6825 * 31 68.25 285 6825 409 6825 6.02 6825 298 68.25 5.99
3 3 2 106 * 510 106 3.43 106 3.78 106 7.33 106 3.34 106 6.33
3 3 2 106 * 921 106 3.23 106 419 106 6.86 106 3.1 106 5.12
3 10 3 2 140 3600 154 414 140 14.29 140 8.89 154 3.97 154 7.98
3 10 3 2 162 3600 152 433 152 9.51 152 9.12 157 4.15 157 8.11
3 12 3 2 160 3600 172 428 160 6.7 164 9.13 166 411 164 8.13
3 12 3 2 216 3600 202 49 191 11.24 201 10.54 207 478 207 11.71
3 15 3 2 215 3600 221.75 5.28 207 14.69 234 12.05 236.25 5.08 234 5.13
3 15 3 2 224 3600 224 5.06 224 15.56 224 11.24 225 486 225 8.28
7 5 2 2 12975 * 412 129.75 413 129.75 554 129.75 8.89 129.75 4 129.75 6.34
7 5 2 2 10575 * 105 10575 4.27 105.75 9.13 105.75 897 105.75 4 105.75 7.35

Optimal solution

Table 5. Results for test problems with 7 machines.

MILP GA HH ABC HC SA

e z CPU Z CPU Z CPU Z CPU Z CPU Z CPU
7 3 2 1255 3600 126.25 6.25 1245 866 1255 1296 1255 6.2 1255 1174
7 3 2 181 3600 1315 59 1315 891 133 1199 1315 588 133 12.34
7 10 3 2 2305 3600 152 6.92 152 8.42 152 14.07 152 6.88 152 13.45
7 10 3 2 - 125 6.42 125 832 125 12.99 125 6.29 125 11.43
7 12 3 2 2415 3600 153 6.27 148 897 15375 132 153 6.18 153 12.34
7 122 3 2 - 173 753 1665 9 173 15.34 173 7.45 173 173

7 153 2 - 1845 9.62 1845 1252 1875 19.79 186 959 1875 1841
7 153 2 - 189.75 9 189.75 991 189.75 1855 189.75 8.97 189.75 17.67
7 20 3 2 - 283 13.2 275 17.39 275 27.06 282 13.1 282 12.45
7 20 3 2 - 297.75 118 281 1453 28275 2476 29425 118 281 15.32
7 3 3 - 120.25 6.08 120.25 8.13 120.25 13 120.25 6.07 120.25 12.45
7 3 3 - 148.75 6.09 1475 6.8 14975 1286 1475 6.11 1475 1135

Continued on next page
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MILP GA HH ABC HC SA
Tz Z CPU Z CPU Z CPU Z CPU Z CPU Z CPU
7 10 3 3 - 139 752 1345 9.65 135 15.24 137 7.2 137 12.35
7 10 3 3 - 1745 354 1745 9.82 1745 19.24 1745 384 1745 18.37
7 12 3 3 - 173 38.3 173 119 1735 19.71 174 111 174 18.45
7 12 3 3 - 19425 478 19425 11 19425 19.24 19425 8.91 194.25 19.56
7 15 3 3 - 164 52.4 164 13.64 164 21.51 164 10.2 164 22.46
7 15 3 3 - 141 49 141 14.36 141 19.36 141 9.28 141 21.46
7 20 3 3 - 240 51.2 240 18.21 240 28.24 240 135 240 27.32
7 20 3 3 - 213.25 142 21325 20.15 2145 29 21325 142 2145 28
Table 6. Results for test problems with 10 machines.
T 72 EN GA HH ABC HC SA
Z CPU Z CPU Z CPU Z CPU Z CPU
10 10 3 3 153.25 10.5 152.25 14.23 154.25 21.09 154.25 9.91 154.25 19.9
10 10 3 3 9225 8.31 92.25 10.16 92.25 17.23 9225 8.2 92.25 18.25
10 12 3 3 197.75 9.62 197.75 14.23 204 20.68 19825 9.68 198.25 19.65
10 12 3 3 187 11 187 13.54 191 22.66 188 11 191 21.21
10 15 3 3 1955 134 1955 19.3 199.5 2784 1975 133 1975 23.3
10 15 3 3 198.25 13 191 15.11 190.75 2749 19125 132 191.25 23.28
10 20 3 3 2125 174 211 27.1 213 36.17 2125 173 213 37.3
10 20 3 3 254.75 20.2 253.25 26.55 253.25 4526 254.75 20.6 254.75 30.68
10 25 3 3 277 21.9 268 33.62 277 49.07 277 231 277 42.1
10 25 3 3 21275 21.9 212.75 26 221 45,01 219.75 22,6 219.75 42.65
10 10 3 4 15375 9.82 153.75 14.71 153.75 20.34  153.75 9.54 153.75 19.51
10 10 3 4 1715 12.2 1715 19.42 1715 2544 1715 11.6 1715 21.69
10 12 3 4 162.75 12.7 162.75 19.79 162.75 26.5 162.75 11.9 162.75 21.98
10 12 3 4 149.75 10.9 148 13.06 155 2292 1565 10.2 155 20.28
10 15 3 4 176 155 176 20.51 176 32.3 176 14.4 176 31.48
10 15 3 4 2155 174 194 23.06 217.5 35.67 2155 169 2155 30.94
10 20 3 4 208.75 22.9 208.75 27.7 211 47.2 21525 221 21525 40.18
10 20 3 4 2235 23 220 27.17 228 46.35 228 209 228 40.41
10 25 3 4 33125 36.2 319.25 50.45 332 67.9 322 317 332 61.78
10 25 3 4 247 27.2 237 38.9 244 56.47 248 28.1 248 58.18
Table 7. Results for test problems with 15 machines.
GA HH ABC HC SA
T Z F N
Z CPU Z CPU Z CPU Z CPU Z CPU
15 12 3 3 23825 263 23175 2745  242.25 34.38  242.25 16.3 242.25 36.6
15 12 3 3 22575 229 22575 25.44 225.75 35.02 225.75 15.9 225.75 45.9
15 15 3 3 29525 266 2905 27.44  290.5 4769  297.75 21.8 290.5 31.9

Continued on next page
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GA HH ABC HC SA
Tz FN Z CPU Z CPU Z CPU Z CPU Z CPU
15 15 3 3 2975 231 297 31.25 301.75 49.08 301.75 224 301.75 42.8
15 20 3 3 404.25 37.8  393.25 50.86 4395 81.11 410.75 375 439.5 47.5
15 20 3 3 354 32.2 336.75 44.58 364.5 70.66  352.75 32.2 364.5 32.41
15 25 3 3 429.25 47 420 66.87 462 102.3 427 50.1 427 65.1
15 25 3 3 399 46.7 395 66.15  426.5 95.15 4165 44.3 426.5 64.38
15 30 3 3 407.25 59 392.5 70.68 4105 120.8 412 56.3 412 76.1
15 30 3 3 517.25 65.6 499 77.56 507.5 138.8 5145 63.2 514.5 73.4
15 12 3 4 246 23 244.75 25.87 263.5 47 263.5 224 263.5 325
15 12 3 4 23225 214 2305 25.77 239 43.48 231.75 20.6 239 40.7
15 15 3 4 296 26.6 285 31.91 291 53.82 2915 25.6 291.5 35.5
15 15 3 4 2065 22.3 2065 26.54  209.25 4498 207 21.3 207 31.8
15 20 3 4 3335 36.8 315.75 47.26 315.75 72.95 328 36 328 76.2
15 20 3 4 3725 38.7  353.75 55.09 367.25 78.35 376 37.8 367.25 67.4
15 25 3 4 3995 56.4  394.25 67.44 405 113.6 414 55.2 414 65.8
15 25 3 4 388.75 58.3 3835 64.44  401.75 117.4  419.75 57.6 401.75 87.4
15 30 3 4 398 65.7 3935 100.5 404.5 131.6 404 63.2 404 93.2
15 30 3 4 494.25 78.1 467 296.5 516.75 161.1 4915 77.1 491.5 157.1
Table 8. Results for test problems with 20 machines.
T 7z E N GA HH ABC HC SA
Z CPU Z CPU Z CPU Z CPU Z CPU

20 15 3 3 327125 41 326 56.3 334 81.38 3385 27.4 334 61.25
20 15 3 3 54225 508 503.75 75.96 533 103.1  520.25 34.2 533 85.24
20 20 3 3 419.25 55 393 64.79  408.25 111.1 4115 37.4 4115 84.21
20 20 3 3 4165 545  412.75 71.27 426 112.2  412.75 37.3 426 101.52
20 25 3 3 5205 79.6 5205 104 563.75 164.2 557.25 55.3 574.25 125.47
20 25 3 3 682 89.9 651.75 126.3 755 1854 7325 62.8 741 160.41
20 30 3 3 6295 102 629.5 1221 666.75 2109 683 71 666.75  188.47
20 30 3 3 57775 986 558 142.3 560.5 1975 622.75 68 611.25 187.32
20 35 3 3 502 118 502 152.3 503.75 235.2 5225 83.7 520.12 174.65
20 35 3 3 66525 129 654 156.6 682.25 258.2 685.25 91 682.25 174.21
20 15 3 4 381 46.2 377 55,55  382.25 94.05 377.25 32.7 382.25 100.21
20 15 3 4 313 46.3 313 51.45 313 1355 332 32.6 321 120.74
20 20 3 4 284 55.7 284 73.74  300.5 182.3 295.25 39.1 300.5 147.41
20 20 3 4 325 57.3  329.25 74.33  329.25 185.2 341 40 329.25 165.41
20 25 3 4 55275 99.7 529 123.6 537.75 3019 571 67.1 537.75 184.25
20 25 3 4 4175 78.2 4035 1014  436.75 247.2  420.25 54.8 420.25 169.84
20 30 3 4 559 128 559 137 591.5 402 578.75 88.3 598.26 198.23
20 30 3 4 561 116 552.25 152.6 590 441 565 82.9 587.33 200.41
20 35 3 4 604.25 149 583.25 1965 680.5 3724  643.75 106 643.75 209.52
20 35 3 4 767.25 159 756 175 756 2329 787.25 112 787.25 200.32
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The %Error of the algorithms are calculated using Equation 73.

Solution of the heuristic algorithm—Best solution found by heuristics

%Error = (73)

Best solution found by heuristics

The %Error values of the test problems according to the number of machines are shown in Table 9,
which shows that the most successful algorithm is the HH algorithm.

Table 9. %Error values of the algorithms according to the number of machines.

Machine number HH GA ABC HC SA

3 0 0.0152 0.0104 0.0209 0.0198
7 0 0.0099 0.0067 0.0085 0.0075
10 0.0001 0.0155 0.0227 0.0202 0.0222
15 0 0.0244 0.045 0.0381 0.0415
20 0.0007 0.0206 0.0491 0.0538 0.0542

Statistically significant differences were analyzed between the HH algorithm and the other
algorithms. The Wilcoxon signed-rank test was selected because it does not assume normality and is
well-suited for comparing heuristic algorithms on paired benchmark problems. Pairwise comparisons
were conducted between the proposed HH algorithm and each competing method.

The Wilcoxon signed-rank test results are reported in Table 10. The results indicate statistically
significant differences between the proposed HH algorithm and all competing methods (p < 0.001),
and all findings remained significant after Bonferroni correction. Moreover, the effect sizes obtained
from the Wilcoxon signed-rank tests were large in all pairwise comparisons (r > 0.85). In terms of the
commonly accepted thresholds, these values indicate a strong practical impact, confirming that the
superiority of the HH algorithm is not only statistically significant but also practically meaningful.

Table 10. Wilcoxon signed-rank test results comparing HH with competing algorithms.

Pairs (HH-X) p-value Effect size (r)
(HH-GA) 2.79x10710 0.85
(HH-ABC) 5.83x10712 0.87
(HH-HC) 3.80x1071 0.87
(HH-SA) 3.80x1071 0.87

5.3. Computational time analysis

The impact of problem dimensions on the computational performance of the heuristic algorithm
was examined by varying the numbers of machines, parts, routes, and cells. The results revealed that
the solution time increases consistently as the size and structural complexity of the problem increase.
In particular, larger sets of parts and machines lead to greater computational effort, whereas additional
routes and cells further expand the decision space and thus prolong the search process. Nevertheless,
the observed runtime growth remains gradual rather than abrupt, and even the largest tested instances
can be solved within acceptable time limits. This demonstrates that the proposed heuristic maintains
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favorable scalability with respect to both the scale and the structural parameters of the assignment—
scheduling problem.

To determine which problem parameters have the strongest impact on computational time, a
multiple regression analysis was performed using runtime as the dependent variable and the number
of machines, parts, routes, and cells as explanatory variables. This approach allows for the individual
effect of each parameter to be evaluated while controlling for the others. Statistical significance was
assessed at the 95% confidence level, and the relative importance of factors was interpreted on the
basis of the magnitude of the estimated coefficients and their associated t-statistics.

The regression results are given in Table 11. The results reveal that the number of parts is the
dominant factor affecting the solution time, with the largest and most significant coefficient. The
number of machines also has a positive and statistically significant effect, although its influence is
relatively small. The intercept is reported for completeness; however, it does not have a direct practical
meaning for the problem under study and is therefore not discussed.

Table 11. The regression results.

Variable Coefficient (B) Standard error t-statistic p-value
Constant 7.4485 24.926 0.299 0.766
Machines 3.4108 0.749 4.552 <0.001
Parts 3.8792 0.470 8.258 <0.001
Routes —20.0434 9.426 -2.127 0.036
Cells -3.0706 4.843 —0.634 0.528

5.4. Sensitivity analysis

To evaluate the robustness of the proposed HH algorithm, a parameter sensitivity study was
performed. The analysis focused on two key control factors, maxIter and Apy, to investigate how
different parameter configurations affect the algorithmic behavior. maxIter was set to (7;10;15), and
Axy was set to (0,25; 0,50; 0,75). A full factorial experimental framework was adopted so that all
combinations of the selected parameter levels could be examined in a systematic manner. Performance
was assessed using the relative percentage deviation (RPD), which is defined in Eq. (74)

__ OF¢gr—OFming

RPDy ), = (74)

OFminy,

OF, ;. denotes the objective value obtained at time step t for instance k in replicationr,and OFmin,,
represents the best value observed for the same instance. The statistical significance of the parameter
effects was examined using analysis of variance (ANOVA). The resulting interval plots, which
illustrate the impact of different parameter settings, are reported in Figure 9.
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Figure 9. Interval plots for maxIter and Ayy.

The analysis revealed that both main effects were statistically significant (p < 0.05), indicating
that each parameter individually influences performance. In addition, the interaction term maxlIter x
Ayn was highly significant, revealing that the effect of one parameter depends on the level of the other.
This outcome is consistent with the interval plots, which highlighted a stable operating region around
maxIter = 10 where variations in Ayzy led to only modest changes in the RPD. Overall, although the
parameters are statistically influential, their combined impact remains within a narrow range.

5.5. Practical realism and limitations

The proposed framework aims to reflect realistic CMS settings by explicitly modeling a robot-
based material handling system within the integrated CF—CL—scheduling problem. The assumption of
one robot per cell and a single robot for intercell transportation represents common automated CMS
configurations and enables the modeling of robot availability, nonoverlapping transport operations,
and waiting times because of limited handling capacity.

Practical realism is further enhanced by distinguishing between intracell transportation and
assigning different travel speeds to these operations. However, to preserve tractability, identical robot
characteristics are assumed within each cell. Allowing for heterogeneous intracell robot speeds would
define a more generalized and significantly more complex problem in which robot speeds could
directly affect part-to-cell assignments. Even under the current assumption, the problem remains highly
challenging because each robot can handle only one part at a time.

With respect to exact optimization, the MILP model provides optimal solutions for small-sized
instances (e.g., 7 machines and 5 parts) and only feasible solutions for medium-sized instances (e.g., 7
machines and 12 parts) within a 3600-s time limit. For larger instances, no feasible solutions can be
obtained within this limit, which highlights the scalability limitations of the MILP approach.
Consequently, the MILP model was used as a benchmark for small instances, whereas the proposed HH
can effectively address large-scale problems. Potential improvements in the mathematical formulation
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using decomposition or acceleration techniques such as second-order cone programming [39] may be
considered in future studies.

6. Conclusions

In this study, an integrated CF, CL, and scheduling problem with material handling constraints
and different routes is addressed. Although the CF, CL, and scheduling problems are addressed in the
literature, the material handling constraints of parts in the same and different cells are often ignored.
Unlike in the literature, in this study, the integrated problem is handled by considering the material
handling system and alternative routes. An MILP model is proposed to obtain optimal solutions, and a
HH algorithm that incorporates a decoding algorithm is proposed. The proposed algorithm was
compared with the MILP model and the GA, ABC, and HC algorithms. According to the results, the
HH algorithm is effective. In future studies, different objective functions may be considered, and the
problem will be modified for multi-objective optimization. In addition, exact-solution approaches such
as decomposition may be used to obtain optimal solutions. In addition, different heuristic algorithms
for the problem may be proposed in future research.
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