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Abstract

This paper studies an unrelated parallel machine scheduling problem arising in heterogeneous manufacturing systems.
The production environment features machine-dependent processing times, sequence-dependent setup times, and
workforce-driven productivity differences modeled through two non-cyclic shifts with distinct processing rates. Jobs
must be assigned and sequenced on eligible machines, and the objective is to minimize total tardiness. The problem
is computationally challenging due to the strong coupling between assignment, sequencing, and timing decisions
induced by setup effects and shift-dependent processing speeds. A Mixed-Integer Linear Programming (MILP)
formulation is developed to obtain optimal solutions for small instances. For large-scale instances, we propose an
Adaptive Large Neighborhood Search (ALNS) algorithm that combines a constructive initial heuristic with multiple
destruction and repair operators. Computational experiments show that the proposed ALNS consistently outperforms
state-of-the-art MILP solvers and benchmark metaheuristics.
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Unrelated parallel machine scheduling, Sequence-and-machine-dependent setups, Shift-dependent productivity,
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1. Introduction

Many high-volume manufacturing systems operate under tight delivery commitments, increasing product variety, and
significant heterogeneity in production resources. In such environments, short-term production scheduling plays a
critical role in ensuring on-time delivery and maintaining service levels. Jobs must be assigned and sequenced on any
of the multiple parallel machines that differ in processing capabilities and speeds, while adjusting for setup
requirements and workforce-related productivity differences. As delays propagate quickly across downstream
operations, minimizing total job tardiness has become a primary scheduling objective in practice (Xu et al. 2016). A
common modeling framework for capturing machine heterogeneity is the Unrelated Parallel Machine (UPM)
scheduling problem, where processing times depend on both the job and the machine to which it is assigned. However,
many real-world production systems exhibit additional features that are not fully captured by classical UPM
formulations. In particular, sequence-dependent setup times are prevalent when switching between jobs with different
characteristics, directly coupling assignment and sequencing decisions (Allahverdi 2015). Another important source
of complexity arises from variations in workforce-related productivity in shifts. Production lines often operate in
multiple daily shifts that differ in staffing levels, operator experience, and working pace. These differences translate
into shift-dependent machine processing rates, which directly affect job completion times. In this study, we consider
a planning horizon with two non-cyclic shifts, where processing speeds differ between shifts and do not repeat within
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the horizon. Unlike cyclic shift models, this setting requires explicit consideration of when jobs are processed relative
to shift boundaries, as delaying a job into a later shift may significantly increase its tardiness.

Motivated by these characteristics, this paper studies an Unrelated Parallel Machine Scheduling Problem with
Sequence-Dependent Setups and Non-Cyclic Shifts (UPMS-SDS-NCS). The problem consists of assigning and
sequencing a set of jobs on unrelated parallel machines subject to machine eligibility constraints and sequence-
dependent setup times. Processing times depend on both the selected machine and the shift during which processing
occurs. Each job has a due date, and the objective is to minimize total tardiness across all jobs. This integrated
formulation captures key operational trade-offs faced by planners, where assignment, sequencing, and timing
decisions must be coordinated under shift-dependent productivity effects. From a computational perspective, the
resulting problem is highly challenging. Even the classical UPM problem with sequence-dependent setups and
tardiness minimization is strongly NP-hard (Pinedo 2016). The introduction of non-cyclic shift-dependent processing
rates further increases complexity by coupling scheduling decisions with time-dependent machine speeds. While a
Mixed-Integer Linear Programming (MILP) formulation can model the problem accurately and provide optimal
solutions for small instances, exact approaches become impractical for larger problem sizes encountered in realistic
settings. To address this challenge, we propose an Adaptive Large Neighborhood Search (ALNS) algorithm tailored
to the structure of the problem. The ALNS framework employs multiple destroy and repair operators that modify job-
to-machine assignments and sequencing decisions, while explicitly accounting for sequence-dependent setups and
shift-dependent processing times. An adaptive mechanism adjusts operator selection based on historical performance,
enabling efficient exploration of the large and combinatorial solution space.

We formulate an unrelated parallel machine scheduling problem that integrates sequence-dependent setup times and
non-cyclic shift-dependent processing speeds, with the objective of minimizing total tardiness.

1. Wedevelop a specialized ALNS algorithm that effectively addresses the strong coupling between assignment,
sequencing, and timing decisions induced by setup and shift effects.

2. We provide extensive computational experiments demonstrating that the proposed ALNS achieves an
average improvement of 7.3% over exact solver benchmarks for small and medium instances, and
outperforms a state-of-the-art constructive heuristic by approximately 6% on large-scale instances.

The remainder of the paper is organized as follows. Section 1 reviews the related literature. Section 2 provides a
detailed problem description. Section 3 presents the MILP formulation. Section 4 describes the ALNS solution
methodology. Section 5 reports computational results, and Section 6 concludes the paper and outlines future research
directions.

2. Literature Review

Parallel-machine environments constitute a major class of single-stage scheduling problems and are commonly
categorized into three fundamental settings. Identical parallel machines: all machines are interchangeable, and a job’s
processing time is independent of the machine to which it is assigned. Uniform (related) parallel machines: machines
differ only by their constant speeds, so a consistent ordering of machines by capacity can be established; processing
times scale according to machine speed. Unrelated parallel machines: processing times depend on the specific job—
machine pair, meaning that the same machine may process different jobs at different rates, and a job may exhibit
substantially different processing requirements across machines.

In its basic form, the UPMSP has been extensively studied in the literature (Vallada and Ruiz 2011; Mecler et al.
2022). However, when the problem is extended to incorporate richer and more realistic constraints—such as complex
eligibility structures, sequence-dependent setups (Xie et al. 2025), reconfiguration requirements, workforce/shift
effects (Afzalirad and Rezaeian 2016; Chen 2009), or additional operational side constraints—the resulting UPMSP
variants become considerably more challenging. For these highly constrained and practically motivated versions, the
literature remains comparatively less comprehensive, indicating clear opportunities for further methodological
development and empirical investigation (Purasevi¢ and Jakobovi¢ 2023). Berthier et al. (2022) study an Unrelated
Parallel Machine Scheduling Problem (UPMSP) that incorporates sequence-dependent setup times and machine-
eligibility constraints. Their objective is to minimize the makespan, subject to limited resource availability. To solve
the problem, they propose a genetic algorithm initialized from randomly generated solutions.

Fang et al. (2022) also study the Unrelated Parallel Machine Scheduling Problem (UPMSP) with sequence-dependent

setup times. Their objective based on makespan minimization. They propose a hybrid metaheuristic, LA-ALNS-TS,
which integrates an ALNS-based search with Tabu Search. The authors note that pure metaheuristics can suffer from
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short-term cycling (revisiting similar solutions), and they suggested to use the tabu mechanism to diversify the search
and reduce cycling. This hybrid approach aligns with the success of ALNS in handling complex setup constraints as
demonstrated in Xie et al. (2025) and Ropke and Pisinger (2006). Unlike the others, Yanikoglu and Yavuz (2022)
study the UPMSP under processing-time uncertainty, where the exact durations of jobs may deviate from their nominal
values. Their objective is to minimize the worst-case tardiness, providing solutions that remain feasible and effective
under adverse realizations of processing times. This contrasts with standard deterministic tardiness minimization
approaches found in Logendran et al. (2007) and Li et al. (2021). To achieve this, they formulate a robust counterpart
of the scheduling model using Robust Optimization techniques and solve it with an exact Branch-and-Price approach.
Uribe et al. (2025) propose a novel mathematical formulation for the UPMSP that integrates machine availability and
eligibility constraints within a shift-based operating framework. Unlike traditional approaches, the number of activated
shifts is explicitly modeled as a key decision variable. The authors argue that minimizing the completion time of the
last shift, rather than the conventional makespan, leads to lower operational costs—such as labor and energy
consumption—by preventing the activation of unnecessary shifts. Santoro and Junqueira (2023) address the UPMSP
with Machine Availability and Eligibility Constraints by modeling machine availability as a fixed calendar consisting
of active and inactive time windows. Unlike approaches that treat shifts as decision variables, their work focuses on
the mathematical structure of the problem. In particular, they distinguish between standard preemption and a novel
pause constraint, in which jobs may be paused at shift boundaries and resumed later without incurring any penalty.
Rather than modifying the objective function, the authors propose lifted reformulations—enhanced MILP models that
incorporate valid inequalities derived from problem relaxations—to strengthen lower bounds and more efficiently
minimize the standard makespan. Dou et al. (2021) address the Integrated Configuration Design and Scheduling
problem in Reconfigurable Manufacturing Systems, considering a dynamic production environment in which the
manufacturing system evolves over multiple demand periods. Unlike conventional scheduling problems that assume
a fixed shop-floor configuration, their model explicitly accounts for system reconfiguration over time. The problem
is formulated as a bi-objective optimization model that simultaneously minimizes total cost—including machine
investment and reconfiguration costs—and total tardiness (similar to the weighted tardiness objectives in Lee and
Pinedo 1997). To solve this NP-hard problem, the authors develop a Multi-Objective Particle Swarm Optimization
algorithm. Ekici et al. (2019) study the UPMSP with machine eligibility constraints and sequence-dependent setup
times. In addition, workload balance across machines is addressed by imposing lower and upper bounds on the number
of jobs assigned to each machine. The problem objective simultaneously minimizes total tardiness and total earliness.
To solve the problem, they discuss several solution approaches and combines them within a hybrid framework. In
particular, a Sequential Heuristic Approach (SHA) is proposed, which decomposes the problem into sequential
mathematical programming models for job assignment and scheduling. Furthermore, a Tabu Search algorithm is
developed and integrated with SHA to enhance solution quality. Building on similar complex industrial constraints,
Elyasi et al. (2024) investigate the UPMSP with sequence-and-machine-dependent setups, machine-job compatibility,
and workload balancing. They proposed an Imperialist Competitive Algorithm to minimize total earliness and
tardiness.

While many studies focus on simplified settings, real-world production environments are often characterized by
multiple interacting constraints and sources of heterogeneity. In this paper, we consider a comprehensive UPMSP
setting that simultaneously incorporates job-specific release times, sequence- and machine-dependent setup times,
workload balance constraints, machine reconfiguration decisions, and non-cyclic shift structures. The integration of
these features significantly increases the modeling realism of the problem, bringing it closer to practical manufacturing
systems where machines operate under varying configurations, labor availability, and operational policies. The
resulting problem constitutes a highly complex NP-hard optimization problem, for which exact solution approaches
become computationally prohibitive even for moderate-sized instances. To effectively address this complexity, we
propose an ALNS framework enhanced with a diverse set of destroy and repair operators, combined with a Simulated
Annealing—based acceptance criterion. This hybrid metaheuristic is designed to efficiently explore the solution space,
balance intensification and diversification, and produce high-quality solutions within reasonable computational times.

3. Problem Definition

This paper studies a UPMS-SDS-NCS, motivated by high-volume manufacturing lines that operate with
heterogeneous equipment, configuration-dependent processing capabilities, and within-horizon workforce variability.
We are given a set of jobs 7 = {1, ..., 1} to be processed on a set of unrelated parallel machines £ = {1, ..., L}. Each
machine [ € £ can operate under one of a finite set of configurations C = {1,2}, capturing retooling, fixture changes,
program selection, or operator-dependent operating modes. The processing time of job i depends on both the machine
and its configuration, and is denoted by P;;.. Not all job—-machine-configuration combinations are feasible. The
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feasibility is captured by an eligibility indicator L;. € {0,1}, and we define the set of eligible triples as € =
{(i, L, c): Lyjc = 1}. Jobs are subject to release times R; and due dates D;. The performance measure is tardiness-based:
completing jobs after their due dates degrades service levels and increases downstream disruption. Consequently, the
objective is to minimize total tardiness );c5 u;, where u; = max{0, f; — D;} and f; denote the completion time of the
job i.

In addition to processing times, the production system incurs two types of changeover losses on each machine: (i)
sequence-dependent setup times T;j; when job j follows job i on machine [, and (ii) a configuration-change penalty
when consecutive jobs require different configurations. The latter is modeled by a binary indicator w;;; and a penalty
parameter CFG that is charged whenever a configuration change occurs from i to j on machine [. We explicitly capture
shift-driven productivity variations through non-cyclic within-horizon shift segments. Let H; and H, denote the
boundaries defining three consecutive segments over the planning horizon, indexed by D = {0,1,2}. Under the start-
time based (non-preemptive) rule adopted here, the effective processing duration of a job is determined solely by the
segment in which it szarts. This is captured via the rate multiplier I'(d) = 1 + 0.1d, which scales the base processing
time once the start segment d is selected. In the formulation a position-based assignment structure is used: each
machine [ is endowed with a set of ordered positions i = {1, ..., C,}, and each job is assigned to exactly one machine,
one position and one configuration (subject to eligibility). Immediate-precedence variables x;;; represent adjacency
relationships on each machine, enabling the activation of setup times and configuration-change penalties. We
summarize the notation used throughout the formulation in Table 1 and provide a formal definition of UPMS-SDS-
NCS in the following.

Definition 1 (UPMS-SDS-NCS). UPMS-SDS-NCS seeks to determine (i) the assignment of each job i € J to one
unrelated parallel machine l € L, one ordered position k € KX, and one configuration c € C (restricted to eligible
triples (i,1,c) € &), (ii) the resulting sequence of jobs on each machine under sequence-dependent setup times, and
(iii) the start and completion times (s;, f;) of all jobs. If job j immediately follows job i on machine l, the schedule
must include a setup time Tyj,; if the configurations assigned to i and j differ, an additional configuration-change
penalty CFG is incurred. Workforce dynamics are represented by three non-cyclic shift segments defined by
boundaries H, and H,,; under the start-time based rule, the processing duration of job i is scaled by T'(d) where d €
D is the segment in which s; lies. Jobs must respect release times R;, and tardiness is measured relative to due dates
D;. The objective is to minimize total tardiness. To simplify notation, assignment variables are indexed only over
feasible job—machine—configuration triples. That is, Yy is defined only when Ly, = 1 (equivalently, (i,1,c) € &),
and any summation involving y is understood to be restricted to eligible indices. The multiplier I'(d) yields a non-
preemptive approximation of shift-dependent productivity: once a job starts, its entire processing duration is
determined by the segment d selected for its start time, even if processing overlaps later segments.

Table 1. Nomenclature for the UPMS-SDS-NCS

Sets:
1={1,...1} jobs, indexed by i, j
L={1,..,L} machines, indexed by [
c=1{1,..,C} configurations, indexed by ¢
K ={1,..,C} ordered positions on each machine, indexed by k
D ={0,1,2} shift segments, indexed by d
E={(@i,l,c): Ly, = 1} | eligible job—machine—config triples
Parameters:
Py processing time of job i on machine ! under configuration ¢
Tij setup time between jobs i and j on machine [
L. €{0,1} eligibility: = 1 iff i can run on ([, ¢)
R; release time of job i
D; due date of job i
CFG configuration-change penalty between consecutive jobs
Cy, G, min / max number of jobs processed per machine
Hy, H, within-horizon shift boundaries defining three segments
I'd)=1+01d start-time based rate multiplier for segment d € {0,1,2}
M sufficiently large constant
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Decision variables:
Vilke = 1if job i is assigned to machine [, position k, config ¢
Xiji = 1 if job i immediately precedes job j on machine [
Wiji = 1 if a configuration change occurs from i to j on machine [
Nig = 1 if job i starts in shift segment d
sy, fi start/completion time of job i
U; tardiness of job i

3.1 MILP formulation of the UPMS-SDS-NCS

We present a mixed-integer linear programming formulation consistent with the provided implementation. A position-
based assignment structure is used: each machine [ is endowed with C, ordered positions, and each job is assigned to
exactly one position on exactly one machine (subject to eligibility). Immediate-precedence variables x;;; represent
adjacency on machine [. Temporal feasibility is enforced by disjunctive big-M constraints that activate setup and
configuration-change penalties only when x;; = 1 and both jobs are assigned to the same machine. The objective
minimizes total tardiness.

min )" u; (1)

iel

Xii1 = 0 VieI, lelL (2)

Z Z Z Yitke = 1 Viel (3)

le LkeK ceC

> vitke <1 VieL.kekK. ceC @)

iel

C = Z Z Z Yilke Vie L (5)

iel keKceC
v v v a - i~ r fEN
Xiji 2 ( > ysz,k-l,c) + ( > y.fl,k,c) -1 VizjleLl k=2...0 (10)
ceC ceC
Xijr + X <1 Viel, i<j (11)
Wijl 2 Xij + Z Yilkey Z Vijlke; =2 Vizj, lel, ci#c (12)
keK keK

Wijl < Xij1 Vizj, lel (13)
> R VieT (14
s,-SH1+M(1—n,-0) Viel (l())
si 2 Hy—M(1-n;) viel (7
s; < Hs+ M(1—n;) viel (18)
si 2 Hy —M(1 —np) Viel (19)

§j = fi+ Tiﬂ + CFG Wil

- M(1 *Xi_ﬂ)*M(Z*Z)’ilkc*zyj'lkc) Vi#j, lel (20)
k,c k,c

fimse <20 D Pue T(d) yike + M(1 = nia) Viel,deD @n
leL keK ceC

fimsi= 330 > Pue T(d) yike = M(1 = nia) VieI,deD (22)
leLkeKceC

u; > fi — D; Viel (23)

Yilke» Xijl, Wijl, Nid € {0, 1} Viijel,leL , keK ceC,deD 24)

Sy fioit; 20 Viel (25)
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Objective function (1) minimizes total tardiness. Constraints (2) forbid self-precedence. Assignment constraints (3)
ensure each job is processed exactly once on an eligible machine—configuration—position. Position capacity (4),
monotone position usage (7), and per-machine load bounds (5)-(6) match the position-based structure used in the code.
Precedence variables are linked to assignments via (8)-(9) and are activated by adjacency through (10): if job i
occupies position k — 1 and job j occupies position k on the same machine [, then x;;; = 1 must hold, ensuring setup
and configuration penalties are triggered. Equation (11) enforces anti-symmetry, prohibiting simultaneous reciprocal
relationships between indices i and j on the same machine. Configuration changes are detected with (12)-(13), so CFG

is added when consecutive jobs use different configurations. Release dates are enforced by (14). Shift-segment
selection (15)-(19) assigns each job to exactly one of the three segments defined by (s;,s,) and restricts s;
accordingly (segment 0: s; < sq; segment 1: 5; < s; < 5,; segment 2: s; = s,). Temporal feasibility with setup and
configuration penalties is enforced by (20), which is active only when x;;; = 1 and both jobs are assigned to machine
l. Processing durations are defined by (21)-(22) using the start-time multiplier I'(d) = 1 + 0.1d selected by n;4.

Finally, tardiness is defined by (23) as wu; = max{0,f; —D;} due to the nonnegativity of wu; .

4. Solution Method

This section presents the solution technique developed for the UPMS-SDS-NCS. Given the strong combinatorial
complexity induced by unrelated parallel machines, sequence-dependent setups, configuration reconfiguration
penalties, and shift-dependent processing rates, exact optimization methods become computationally intractable for
realistically sized instances. We therefore develop an ALNS as the primary solution approach. The proposed ALNS
constitutes the core methodological contribution of this study. The ALNS follows a destroy—repair paradigm with
adaptive operator selection, feasibility-aware simulation-based evaluation, and simulated-annealing-style acceptance.
The algorithm operates directly on machine-wise job sequences and explicitly simulates temporal feasibility under
release times, setup times, configuration changes, and start-time-based shift multipliers.

4.1 Solution Representation
A solution S is represented as a collection of machine schedules
S = {51,52, ...,S|£|},

where each machine [ € L is associated with an ordered sequence

St = (Y1, V120 s Vimy)-
Each element v; ;, represents a scheduled job i € J. Each job in the sequence is further associated with a configuration
choice ¢, € C such that (i,l,¢;,) € €. Each job i € J appears exactly once across all machine sequences {5},
ensuring a one-to-one assignment between jobs and machine positions. The representation enforces eligibility by
requiring that every scheduled triple (i, I, ¢; ) belongs to the feasible set £. The sequence order within each S; defines
both the processing order and the immediate-precedence relationships used to evaluate sequence-dependent setup
times T;j, and configuration-change penalties A. Start times and completion times are not stored explicitly in the
solution  representation but are computed through forward simulation during evaluation.

4.2 Solution Evaluation
Given a candidate solution S, feasibility and objective value are evaluated by simulating each machine schedule in
chronological order. For each machine [, processing starts from time zero and proceeds sequentially through the jobs
in S;. For a given job v, = i, the start time s; is computed as
s; = max{Ry, fix—q1 + Tju + A - Tcy g # cril}

where f; ;4 is the completion time of the previous job on machine [, and I[-] is an indicator for configuration change
(with j = v, ,_1 denoting the predecessor job in the sequence). The processing duration is determined by the machine—
configuration pair (I, ¢; ) and the shift segment in which the job starts. Let d denote the shift interval such that s; €
[W,4, W 4]. The effective processing time is

pi" = Py, - T(Ha)-
The completion time is then f; = s; + pfff, and the job completion time is defined as F; = f;. Tardiness is computed
relative to the due date D; as

u; = max{0,F; — D;}.
The objective value of a solution is
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Infeasibilities arising from eligibility violations, duplicate assignments, or inconsistent sequencing are prevented by
construction in the repair phase and checked during evaluation. Any remaining infeasibility is penalized through large
additive penalties to the objective value.

4.3 Initial Solution Construction

The ALNS is initialized with a greedy constructive heuristic. Jobs are first sorted in nondecreasing order of release
times (ties broken by earlier due dates). Each job is tentatively assigned to the machine—configuration pair (I,c) € €
that yields the earliest feasible completion time under the current partial schedule. The job is then inserted at the best
feasible position within the selected machine sequence, taking into account sequence-dependent setup times,
configuration-change penalties, and shift-dependent processing rates. This procedure yields a feasible initial solution
So that respects release dates and eligibility constraints, providing a structured starting point for the ALNS.

4.4 Destroy Operators
The ALNS employs multiple destroy operators that remove a subset of jobs from the current solution to create
temporal and structural slack. The destruction rate p controls the fraction of jobs affected. The main destroy operators
include:
e Random Job Removal: Randomly removes a fraction p of jobs, ignoring their machine assignment and
sequence position.
e Tardiness-Based Removal: Targets jobs with the largest tardiness contributions, removing those that most
degrade the objective value.
e Expensive Shift Removal: Selects one or more jobs that start in the most expensive shift segments
(according to I'(H;)) and removes them to encourage rescheduling into less costly intervals.
These operators are designed to disrupt different structural aspects of the schedule, including sequencing and machine
assignment.

4.5 Repair Operators

After destruction, the repair phase reinserts removed jobs using feasibility-aware heuristics. Let U denote the set of
unassigned jobs. The repair operators evaluate feasible insertion positions across machines and eligible configurations
and reinstate jobs while respecting all feasibility rules. The main repair operators include:

e  Greedy Insertion: For each job i € U, the operator evaluates feasible insertion positions across all machines
and configurations. The job is inserted at the position that minimizes the resulting total tardiness.

e Regret-k Insertion: For each job, the operator computes the k best insertion options (in terms of objective
deterioration). The regret value is defined as the difference between the best and the k-th best option. Jobs
with the largest regret are inserted first, prioritizing those whose insertion opportunities are most fragile.

o Earliest-Completion Insertion: For each job i € U, the operator evaluates feasible insertion positions
across all machines and configurations. The job is inserted at the position that minimizes its completion time

F;.
e Random Insertion: Each job i € U is inserted at a randomly chosen feasible position on a compatible
machine to ensure diversification.
4.6 Local Search (q)

To intensify the search with negligible computational overhead, we apply a local search that only optimizes the
configuration decisions while keeping the current job-to-machine assignments and sequences fixed. For each machine
L, given the ordered job list S; = (v;4, ..., Vi ;). the goal is to choose configurations ¢;; € C (subject to eligibility
(i, L crx) € €) that yield the best schedule in terms of time propagation along the sequence. This subproblem is
solved by a Viterbi-style Dynamic Program (DP). The DP state is the configuration of the current job, and the DP
value stores the earliest completion time achieved up to position k. For the transition from the previous job j = v;;_
with configuration ¢’ to the current job i = v, with configuration ¢, we simulate
s =max{R;, fj+ Ty +A-1[c" #c]}, fi = si + Pyc - T(Hysp),

where Tj; is the sequence-dependent setup time, A is the configuration-change penalty, and I'(Hy(s))) is the shift-
dependent multiplier determined by the start time. The DP selects, for each position k and configuration c, the
predecessor configuration ¢’ that minimizes f;. After the forward pass, we backtrack once to assign the best
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configuration chain to all jobs in S;. Since this procedure runs in O(Y;c; n; C?) in the worst case, it is computationally
cheap and can be applied frequently (e.g., after each repair) to improve solutions by exploiting better configuration
sequences under setup, reconfiguration, release times, and shift effects.

4.7 Overall ALNS Framework
Algorithm 1 summarizes the overall ALNS procedure for the UPMS-SDS-NCS.

Algorithm 1 Adaptive Large Neighborhood Search for the UPM-RC

1: Construct an initial feasible solution Sy

2: 8« Sp, 8% « 8y

3: Initialize destroy and repair operator weights

4: while Stopping condition met do

5:  Select destroy operator d and repair operator r adaptively
6:  Choose destruction rate p

7 Sed(S,p)

8 8§ e—r(8)

9 8§« gq(5)

10:  Evaluate §” via simulation and compute f(S5”)
1:if f(5”) < f(S*) then

12: S* — 85"

13:  endif

14:  if acceptance criterion holds then
15: S5

16: Update operator weights

17:  endif

18: end while

19: return $*

The resulting ALNS framework is specifically tailored to the UPMS-SDS-NCS. By combining adaptive large-scale
neighborhood exploration with detailed simulation-based evaluation, the algorithm effectively balances intensification
and diversification while explicitly accounting for machine heterogeneity, reconfiguration effects, and shift-dependent
processing rates.

5. Computational Experiments

We evaluate the effectiveness of the proposed ALNS algorithm by comparing its performance against an adapted
version of the SHA heuristic introduced by (Ekici et al. 2019). The experiments are conducted on synthetically
generated instances that are designed to closely resemble the modified real-life instances presented in (Ekici et al.
2019). Unlike the original monthly planning horizon used in that study, our instances are constructed for a daily
scheduling environment, where all time-related parameters are converted into minutes according to the same modeling
rules. A total of 36 instances are generated and classified into three categories—small, medium, and large—based on
the number of jobs and machines. All instances incorporate key characteristics of the problem setting, including
machine—job eligibility constraints, sequence-dependent setup times, shift-based processing, and reconfiguration
requirements.

In the small and medium instance classes, the number of jobs varies between 10 and 50, while the number of machines
ranges from 2 to 8. The number of configurations is fixed and set to two for all instances in these classes. For the large
instance class, the number of jobs ranges between 100 and 200, and the number of machines varies between 8§ and 20.
Job release dates and due dates are generated consistently with the problem setting and scaled to the daily planning
horizon. 11 computational experiments were conducted on a 64-bit Windows 10 Pro system running on a virtual
machine equipped with an AMD EPYC 7662 processor (8 cores, 1.99 GHz) and 29.3 GB of RAM. The computational
experiments are performed under identical hardware and software conditions to ensure a fair comparison between the
proposed ALNS approach and the adapted SHA heuristic. In Table 2 and Table 3, we compare the performance of the
proposed ALNS algorithm and the adapted SHA heuristic against an exact MIP model implemented in Gurobi for the
small and medium instance classes. For these instances, the Gurobi model is executed with a time limit of 3600 seconds.
The ALNS algorithm is run with a fixed time limit of 1800 seconds for all instances. The SHA heuristic is modified
to be consistent with our problem setting by explicitly incorporating configuration assignment decisions for each
machine. Given a complete assignment of jobs and configurations to machines, single-machine scheduling problems
are solved independently and in parallel, subject to a maximum total computation time of 1800 seconds across all
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machines. The ALNS algorithm employs an adaptive weight adjustment mechanism based on the following reward
parameters: g; = 10 for generating a solution that improves upon the global best solution, o, = 5 for improving the
current local solution, and o3 = 2 for generating an accepted but non-improving solution by Simulated
Annealing.g, = 0.1 for non-improving rejected solution by Simulated Annealing. These parameters are selected to
balance intensification and diversification during the search process. To quantify the relative performance of the
algorithms, we measure the improvement with respect to a benchmark solution using the following metric:

Benchmark,; — Algorithmobj

1 o x 100%.
mprovemen Benchmarky; "

For the small and medium instance classes, the benchmark solution is obtained from the Gurobi model shown in Table
2. The results indicate that the adapted SHA heuristic produces solutions that are, on average, 63.7% worse than the
Gurobi benchmark in small instances. In contrast, the proposed ALNS algorithm achieves an average improvement
of approximately 7.3% over the benchmark across small and medium instances.

Table 2. Performance comparison of the exact model, ALNS, and SHA under small and medium instance sizes

#Jobs  #Machines Gap (%) Model Time ALNS Time SHA Time ALNS vs Model (%) SHA vs Model (%)

10 2 0.00 2650.10 1800.00 1.71 0% 0%
10 2 0.00 50.57 1800.00 1.70 0% -43%
10 2 0.00 29.05 1800.00 4.93 0% -46%
10 3 0.00 35.06 1800.00 1.98 0% -313%
10 3 0.00 17.83 1800.00 2.01 0% -235%
10 3 0.00 36.52 1800.00 1.63 0% -247%
30 3 99.74 3607.49 1800.01 1803.01 2% -6%
30 3 99.18 3610.65 1800.03 1802.78 4% -8%
30 3 98.93 3608.66 1800.01 1802.79 5% -8%
30 5 99.89 3610.82 1800.03 248.39 12% -52%
30 5 99.77 3611.68 1800.06 24.13 5% -29%
30 5 95.93 3610.87 1800.00 1802.05 8% -115%
50 5 99.36 3632.93 1800.52 1803.16 10% 7%
50 5 99.34 3628.00 1800.24 1803.20 11% 4%
50 5 99.86 3624.93 1800.43 1804.47 15% 6%
50 8 98.57 3635.11 1800.23 283.43 20% -40%
50 8 98.82 3633.37 1800.15 1802.38 21% -20%
50 8 99.64 3635.01 1800.31 35.26 19% 2%
Average - 66.1 2570.5 1800.1 834.9 7.3% -63.7%

For the large instance class, the Gurobi model fails to identify feasible solutions within the imposed time limit due to
the increased problem complexity. Consequently, the adapted SHA heuristic is used as the benchmark for large
instances. Under this setting, the ALNS algorithm consistently outperforms SHA, achieving an average improvement
of approximately 6.17% shown in Table 3. We observe that ALNS outperforms SHA in not only solution quality but
also in CPU time performance.

Table 3. Performance comparison of the ALNS and SHA in large instance sizes

#Jobs #Machines ALNS Time SHA Time ALNS vs SHA(%)

100 8 1802.088363  3605.271 0%
100 8 1800.405791  2072.223 2%
100 8 1800.399607  3604.211 -2%
100 10 1800.046129  1803.565 7%
100 10 1801.693394 1817.13 11%
100 10 1800.475527  1804.396 14%
150 13 1808.920488  3604.795 2%
150 13 1807.742559  3605.848 0%
150 13 1800.831765  3605.254 7%
150 15 1807.769974  3604.825 9%
150 15 1803.542738  3604.322 8%
150 15 1802.308441  3607.148 14%
200 17 1806.769882 5404.9 3%
200 17 1805.228031  3792.298 2%
200 17 1807.142052  3856.275 1%
200 20 1800.266101  3632.457 13%
200 20 1814.416893  3667.388 12%
200 20 1806.089840  3641.950 8%

Average - 1804.2 3351.9 6.17%
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6. Conclusion

This study addressed the Unrelated Parallel Machine Scheduling Problem (UPMSP) with sequence-dependent setup
times and shift-dependent workforce constraints to minimize total tardiness. To solve this complex NP-hard problem,
we developed a Mixed-Integer Linear Programming (MILP) model for small instances and an Adaptive Large
Neighborhood Search (ALNS) algorithm for larger datasets. Computational experiments on 36 generated instances
demonstrated the superior performance of the proposed ALNS. In small and medium instances, the ALNS achieved
an average improvement of 7% over the benchmark solutions provided by the exact solver, significantly outperforming
an adapted Sequential Heuristic Approach (SHA). For large-scale instances where the exact solver failed to find
feasible solutions, the ALNS consistently surpassed the SHA heuristic by an average of 6% in solution quality while
maintaining high computational efficiency. These results confirm that the proposed ALNS is a robust and scalable
method for solving shift-constrained scheduling problems. Future research will explore stochastic processing times
and multi-objective formulations balancing tardiness with operational costs.
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