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Abstract
This thesis focuses on the optimization of a multi-type human–robot collaborative disas-
sembly line for end-of-life electric vehicle batteries. The studied problem combines sev-
eral interdependent decisions, including task sequencing, station opening, task-to-station
assignment, execution mode selection, resource compatibility, precedence constraints,
cycle-time limitations and uncertainty in human operation times.

The objective of this work is to propose a scalable metaheuristic approach capable of
solving larger instances for which exact optimization becomes computationally difficult.
For this purpose, an Adaptive Large Neighbourhood Search approach is adapted to the
structure of the studied problem and denoted HRC-ALNS. Two versions are developed.
The deterministic version, called D-HRC-ALNS, considers fixed operation times, while the
stochastic version, called S-HRC-ALNS, integrates scenario-dependent human operation
times and recourse costs related to station overloads.

The proposed method is based on a specific solution representation composed of a
global operation sequence, execution modes and active OR precedence choices. A de-
coder is then used to reconstruct station assignments, determine resource configurations,
compute station loads and evaluate the objective function. Mixed destruction and hy-
brid repair operators are designed to guide the search toward better solutions. In the
stochastic version, additional information such as human-time variability, recourse and
worst-scenario loads is also exploited.

Computational experiments were conducted on instances involving one to five battery
types. For the small instances, the results were compared with exact MILP solutions. The
obtained gaps were very small, confirming the quality of the proposed metaheuristic. For
larger instances, the HRC-ALNS was able to generate feasible and interpretable solutions
within reasonable computational time. The results show that the proposed approach
represents a flexible and efficient solution method for complex human–robot collaborative
battery disassembly line problems.

Keywords: Optimization, disassembly line balancing, electric vehicle batteries, human–
robot collaboration, ALNS, metaheuristic, stochastic optimization.
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Résumé
Ce mémoire porte sur l’optimisation d’une ligne de désassemblage collaborative humain–
robot dédiée à plusieurs types de batteries de véhicules électriques en fin de vie. Le prob-
lème étudié combine plusieurs décisions interdépendantes, notamment le séquencement
des tâches, l’ouverture des stations, l’affectation des tâches aux stations, le choix du mode
d’exécution, la compatibilité des ressources, les contraintes de précédence, les limites de
temps de cycle et l’incertitude liée aux temps opératoires humains.

L’objectif de ce travail est de proposer une approche métaheuristique capable de traiter
des instances de plus grande taille, pour lesquelles la résolution exacte devient difficile
en temps de calcul. Pour cela, une méthode basée sur l’Adaptive Large Neighbourhood
Search est adaptée à la structure du problème étudié. Cette approche est appelée HRC-
ALNS. Deux versions sont développées. La version déterministe, notée D-HRC-ALNS,
considère des temps opératoires fixes, tandis que la version stochastique, notée S-HRC-
ALNS, prend en compte des temps humains dépendants de scénarios ainsi que des coûts
de recours liés aux dépassements de charge des stations.

La méthode proposée repose sur une représentation spécifique de la solution, com-
posée d’une séquence globale des opérations, des modes d’exécution et des choix actifs
de précédence OR. Un décodeur permet ensuite de reconstruire les affectations aux sta-
tions, de déterminer les configurations de ressources, de calculer les charges des stations
et d’évaluer la fonction objectif. Des opérateurs de destruction mixte et de réparation
hybride sont conçus afin de guider la recherche vers de meilleures solutions. Dans le
cas stochastique, des informations supplémentaires telles que la variabilité des temps
humains, les coûts de recours et les charges des scénarios défavorables sont également
exploitées.

Les expérimentations numériques ont été réalisées sur des instances comprenant de
un à cinq types de batteries. Pour les petites instances, les résultats ont été comparés aux
solutions exactes obtenues par MILP. Les écarts obtenus sont très faibles, ce qui confirme
la qualité de la métaheuristique proposée. Pour les instances plus grandes, HRC-ALNS
a permis de générer des solutions faisables et interprétables dans un temps de calcul
raisonnable. Les résultats montrent que l’approche proposée constitue une méthode
flexible et efficace pour résoudre des problèmes complexes d’optimisation de lignes de
désassemblage collaboratives humain–robot.

Mots-clés : Optimisation, équilibrage de ligne de désassemblage, batteries de véhicules
électriques, collaboration humain–robot, ALNS, métaheuristique, optimisation stochas-
tique.
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General Introduction
Industrial systems are increasingly faced with complex decisions involving tasks, re-
sources, workstations, processing times, precedence relations, and operational constraints.
In production, assembly, disassembly, maintenance, and logistics, decision-makers must
determine how operations should be organized, which resources should be used, how
workloads should be distributed, and how costs or delays can be reduced. These deci-
sions are strongly connected. Assigning a task to one station, for example, may affect the
workload of that station, the availability of human or robotic resources, the feasibility of
the cycle time, and the overall performance of the system. This is why optimization plays
an important role in industrial engineering.

Optimization makes it possible to translate a practical decision problem into a struc-
tured model composed of decision variables, an objective function, and constraints.
Through this modelling process, different alternatives can be compared according to
clear performance criteria. In line balancing and scheduling problems, this becomes par-
ticularly important because the number of possible configurations increases rapidly with
the number of tasks, products, stations, and resources. As a result, manual reasoning
alone is no longer sufficient, and the use of exact methods, heuristics, or metaheuristics
becomes necessary.

Disassembly systems represent a particularly challenging application of industrial
optimization. Unlike classical production systems, where products and operations are
generally standardized, disassembly systems often deal with end-of-life products whose
structure, condition, and accessibility may vary. In the case of electric vehicle batteries,
this complexity is even more significant. Battery packs are composed of mechanical,
electrical, thermal, and electronic components that must be removed according to strict
precedence relations. Some operations are hazardous, some require human flexibility and
judgment, while others may be suitable for robotic execution. Therefore, planning a bat-
tery disassembly line cannot be limited to defining a task sequence. It must also consider
task assignment, workstation configuration, execution modes, resource compatibility, and
workload distribution.

Human–robot collaboration provides a promising way to organize such disassembly
operations. Human operators bring flexibility, perception, and the ability to adapt to un-
expected product conditions. Robots, on the other hand, can support repetitive, precise,
heavy, or risky operations. By combining these two types of resources, a collaborative
disassembly line can benefit from both human adaptability and robotic assistance. How-
ever, this also increases the complexity of the planning problem. Each task may require a
human, a robot, or both resources simultaneously. Collaborative tasks must be assigned to
stations equipped with both human and robotic resources, while flexible tasks may be ex-
ecuted by either one of them. All these decisions must remain consistent with precedence
constraints and cycle-time limitations.

The problem becomes more difficult when several battery types are processed on the
same line. Each battery type may have its own task set, processing times, precedence rela-
tions, and feasible execution modes. The optimization approach must therefore preserve
the specific structure of each product while using a common set of potential stations and
resources. This multi-type configuration is closer to the reality of flexible disassembly
systems, but it also increases the number of possible decisions and the size of the search
space.
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Another important aspect is uncertainty. In real disassembly operations, human pro-
cessing times may vary depending on the actual condition of the battery, the accessibility
of components, the operator’s adaptation, and unexpected difficulties during task execu-
tion. A deterministic model based on fixed operation times can provide a useful baseline,
but it does not fully capture this variability. For this reason, a stochastic representation
based on scenarios can be used to evaluate the effect of uncertain human operation times
on station loads and recourse costs.

Exact optimization methods, such as mixed-integer linear programming, are valuable
because they provide rigorous formulations and optimal solutions for small instances.
They also make it possible to define the problem clearly and to obtain reference results for
validation. However, when the number of battery types, tasks, stations, execution modes,
and scenarios increases, the model becomes highly combinatorial. In such cases, exact
optimization may require excessive computation time or may become difficult to apply
in practice. This motivates the development of a scalable metaheuristic approach capable
of producing high-quality solutions within reasonable computational time.

The objective of this work is to develop and evaluate a metaheuristic approach for
the multi-type human–robot collaborative battery disassembly line problem. The pro-
posed method is based on Adaptive Large Neighbourhood Search and is adapted to the
specific structure of the studied problem. This adaptation is referred to as HRC-ALNS,
for Human–Robot Collaborative Adaptive Large Neighbourhood Search. Two versions
are considered. The deterministic version, denoted D-HRC-ALNS, uses fixed operation
times. The stochastic version, denoted S-HRC-ALNS, considers scenario-dependent hu-
man operation times and evaluates recourse costs associated with station overloads.

The proposed methodology relies on an internal solution representation composed
of three elements: a global operation sequence, selected execution modes, and active
OR precedence choices. Station assignments are not encoded directly. Instead, they are
reconstructed by a decoder, which assigns tasks to stations, determines station types, com-
putes station loads, and evaluates the objective function. The search process is based on
mixed destruction and hybrid repair operators. In the deterministic case, these operators
use information such as bottleneck stations, long tasks, costly tasks, and flexible normal
tasks. In the stochastic case, they also exploit recourse values, human-time variability,
and worst-scenario information.

The remainder of this thesis is organized as follows. Chapter 1 introduces the main
optimization concepts required to understand the methodological choices of the work.
It presents optimization problems, mathematical programming, line balancing, schedul-
ing, exact methods, heuristics, metaheuristics, and uncertainty modelling. Chapter 2 re-
views the literature related to disassembly planning, electric vehicle battery disassembly,
human–robot collaboration, uncertainty, and multi-product disassembly lines. Chapter 3
presents the proposed HRC-ALNS methodology, including the solution encoding, de-
coding procedure, destruction and repair operators, evaluation functions, and general
algorithmic framework. Chapter 4 presents the computational results obtained with the
deterministic and stochastic versions of the proposed method. It compares the meta-
heuristic results with exact MILP references when available and analyses the scalability
of the proposed approach on larger instances.
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Chapter 1
Optimization Methods for Production and
Disassembly Systems
1.1 Introduction

Industrial systems are composed of many decisions that must be made under technical,
economic, and organizational constraints. In production, assembly, disassembly, main-
tenance, logistics, and resource planning, decision-makers often have to choose how to
allocate resources, how to sequence operations, how to balance workloads, and how to
reduce costs or delays. These decisions are rarely independent. A choice made at one sta-
tion can affect the workload of the next station, the availability of resources, the cycle time
of the line, and the global performance of the system. For this reason, optimization has
become an important methodological framework for analysing and improving industrial
decision problems.

Optimization can be defined as the process of selecting the best solution among a set
of feasible alternatives according to one or several performance criteria. In a mathemat-
ical formulation, the problem is generally described by decision variables, an objective
function, and a set of constraints. The decision variables represent the choices to be
made, the objective function expresses what must be minimized or maximized, and the
constraints define the technical, physical, operational, or economic limits that must be re-
spected. This structure makes optimization particularly useful for industrial engineering
problems, where decisions must be justified and evaluated in a systematic way [42, 8].

In production and disassembly systems, optimization problems often involve discrete
decisions. For example, a task may be assigned to one workstation or another, a resource
may be selected among several alternatives, a station may be opened or not, and a task
may be executed before or after another task according to precedence relations. These
characteristics make many industrial problems combinatorial in nature. As the number of
tasks, products, stations, and resources increases, the number of possible solutions grows
rapidly, making intuitive or manual decision-making insufficient.

Line balancing and scheduling are two important examples of optimization problems
in industrial systems. Line balancing focuses on distributing tasks among workstations
in order to obtain an efficient workload distribution while respecting cycle time and
precedence constraints. Scheduling focuses on the temporal organization of operations,
including start times, completion times, and the use of shared resources. In practice, these
two aspects are often related: a feasible line configuration must not only assign tasks to
stations, but also ensure that the required human, robotic, or collaborative resources are
available at the right time.

The importance of optimization becomes even greater in systems that involve product
variability and human–robot collaboration. When several product types are processed
on the same line, each product may have its own task set, processing times, and prece-
dence relations. When human and robotic resources are used together, the problem must
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also consider resource compatibility, task execution modes, synchronization, and safety
constraints. In such contexts, optimization provides a structured way to compare alter-
natives and identify solutions that respect operational constraints while improving cost,
workload, productivity, or robustness.

This chapter introduces the optimization concepts required to understand the method-
ological choices of the present work. It first presents the fundamental elements of an
optimization problem, including decision variables, objective functions, constraints, fea-
sible solutions, and optimal solutions. It then classifies optimization problems according
to their mathematical structure, decision variable type, number of objectives, and treat-
ment of uncertainty. Mathematical programming methods are introduced with particular
attention to linear, integer, and mixed-integer linear programming, since these formu-
lations provide a rigorous way to describe industrial decision problems. The chapter
also discusses the role of optimization in production and disassembly systems, including
line balancing, scheduling, resource allocation, and human–robot collaboration. Finally,
exact methods, heuristics, metaheuristics and uncertainty-related concepts are presented
in order to prepare the transition toward the literature review and, later, toward the
development of a metaheuristic solution approach for large-scale instances.

1.2 Fundamentals of Optimization

Optimization is a systematic way of supporting decision-making. In many industrial
situations, several choices are possible, but not all of them are equally good. Some choices
may reduce cost, others may improve productivity, balance workload, reduce idle time, or
increase safety. The role of optimization is to describe these alternatives mathematically
and to identify the solution that best satisfies the objectives of the system while respecting
its constraints.

In industrial engineering, optimization is useful because decisions are usually con-
nected to each other. Assigning a task to one station may influence the load of that station,
the use of human or robotic resources, the feasibility of the cycle time, and the availabil-
ity of resources for other tasks. Similarly, choosing a sequence of operations may affect
safety, precedence feasibility, and total completion time. For this reason, optimization
provides a structured framework that helps transform a practical decision problem into a
mathematical problem that can be analysed and solved.

1.2.1 Definition of an Optimization Problem

An optimization problem consists of finding the best solution from a set of feasible solu-
tions. The term “best” depends on the objective considered. In some cases, the objective is
to minimize a cost, a processing time, a number of stations, or a delay. In other cases, the
objective is to maximize productivity, profit, resource utilization, or recovered value. The
feasible solutions are the solutions that satisfy all the restrictions imposed by the system.

A general optimization problem can be written as follows:

min f (x)
s.t. gi(x) ≤ 0, i = 1, . . . ,m,

h j(x) = 0, j = 1, . . . , p,
x ∈ X.

(1.1)
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In this formulation, x represents the vector of decision variables, f (x) is the objective
function, gi(x) and h j(x) represent inequality and equality constraints, and X defines the
domain of the decision variables. This formulation is general and can represent many
types of problems, from simple continuous optimization to complex mixed-integer models
[8, 36].

In the context of production and disassembly systems, the vector x may include de-
cisions such as assigning tasks to stations, selecting execution modes, opening or closing
workstations, determining start times, assigning operators or robots, and sequencing
tasks. The objective function may represent the minimization of total cost, cycle time,
number of stations, idle time, or workload imbalance. The constraints may express
precedence relations, resource availability, safety rules, station capacity, and technological
feasibility.

1.2.2 Decision Variables, Objective Functions and Constraints

The first element of an optimization model is the set of decision variables. These variables
represent the decisions that must be made. They can be continuous, integer, binary,
or mixed. A continuous variable can take any value within a given range, such as a
processing time or a quantity. An integer variable takes whole-number values, such as
the number of stations or the number of operators. A binary variable takes only two
values, usually 0 or 1, and is often used to represent yes/no decisions.

For example, in a line balancing problem, a binary variable may indicate whether task
i is assigned to station k. In a human–robot collaborative system, another binary variable
may indicate whether a task is performed by a human, by a robot, or by both resources.
Such variables are useful because many industrial decisions are discrete: a task is either
assigned to a station or not, a resource is either selected or not, and a station is either
opened or not.

The second element is the objective function. The objective function translates the
performance criterion into a mathematical expression. In industrial systems, common
objectives include minimizing total cost, minimizing the number of opened stations, min-
imizing cycle time, minimizing idle time, minimizing energy consumption, or maximizing
recovered value. The choice of the objective function is important because it reflects the
priorities of the decision-maker.

The third element is the set of constraints. Constraints define what is allowed and
what is not allowed. They may come from technical limitations, safety requirements,
resource availability, physical layout, precedence relations, or economic restrictions. In
a disassembly line, for instance, a component cannot be removed before the elements
that block its access have already been removed. This creates precedence constraints.
Similarly, a collaborative task cannot be performed unless both a human and a robot are
available at the same station. This creates resource compatibility and synchronization
constraints.

A good optimization model must therefore balance simplicity and realism. If the
model is too simple, it may ignore important industrial constraints and produce solutions
that are mathematically optimal but practically infeasible. If the model is too detailed,
it may become difficult to solve or require data that are not available. The modelling
step is therefore a key part of optimization, because it determines how the real system is
represented and what type of solution can be obtained.
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1.2.3 Feasible and Optimal Solutions

A feasible solution is a solution that satisfies all constraints of the optimization problem.
Feasibility is essential because a solution that violates one or more constraints cannot be
implemented in practice. For example, a task assignment that exceeds the cycle time of
a station is not feasible. Similarly, a disassembly sequence that removes a module before
disconnecting its electrical links is not feasible from a safety and precedence point of view.

The feasible region is the set of all feasible solutions. In simple continuous optimiza-
tion problems, this region can sometimes be represented geometrically. In industrial
combinatorial problems, however, the feasible region is often very large and discrete.
It may contain a huge number of possible task assignments, sequences, and resource
combinations. This is one of the reasons why optimization problems in production and
disassembly systems can become difficult to solve.

An optimal solution is a feasible solution that gives the best value of the objective
function. If the objective is minimization, the optimal solution is the feasible solution
with the smallest objective value. If the objective is maximization, it is the feasible
solution with the largest objective value. In some problems, the optimal solution can be
found exactly. In other problems, especially large-scale industrial problems, finding the
exact optimum may require significant computational effort. In such cases, approximate
methods, heuristics, or metaheuristics may be used to obtain high-quality solutions within
a reasonable time.

It is also important to distinguish between local and global optimality. A local optimum
is a solution that is better than nearby solutions, but not necessarily better than all feasible
solutions. A global optimum is the best solution over the entire feasible region. This
distinction is particularly important in nonlinear optimization and metaheuristic methods,
where the search process may converge to a good solution without proving that it is
globally optimal [36].

In production and disassembly systems, optimality should also be interpreted care-
fully. A mathematically optimal solution is valuable only if the model correctly represents
the real decision problem. If important constraints such as safety, resource compatibility,
processing time variability, or human–robot synchronization are ignored, the obtained
solution may not be useful in practice. Therefore, optimization must be seen not only as
a calculation tool, but also as a modelling and decision-support process.

1.2.4 Optimization as a Decision-Support Process

Optimization is not limited to solving equations. It is a complete decision-support process
that starts with understanding the real problem and ends with analysing the obtained
solution. The first step is to define the decision context: what must be decided, what
objectives are important, and what constraints must be respected. The second step is to
formulate the mathematical model. The third step is to choose an appropriate solution
method. Finally, the results must be interpreted and evaluated in relation to the real
system.

This process is particularly important in industrial applications. A model may produce
a solution that is optimal according to the objective function, but the decision-maker must
still verify whether the solution is acceptable in practice. For example, a line balancing
solution may minimize the number of stations but create an unrealistic workload for
human operators. Another solution may reduce cost but increase safety risk or reduce
flexibility. Therefore, optimization results should be analysed with both mathematical
and practical criteria.
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Figure 1.1 summarizes the general optimization process used in industrial decision
problems.

Problem definition
and system analysis

Mathematical modelling
variables, objective, constraints

Solution method
exact, heuristic, metaheuristic

Results interpretation
and performance evaluation

Decision support
and practical implementation

Figure 1.1: General optimization process for industrial decision problems.

In this thesis context, optimization is used as a way to structure complex decisions
related to disassembly line organization. The problem involves several interacting ele-
ments: multiple battery types, task precedence, station assignment, human and robotic
resources, execution modes, and processing time assumptions. These elements cannot
be treated independently. Optimization provides a framework for considering them to-
gether and for evaluating possible configurations according to well-defined performance
criteria.

1.3 Classification of Optimization Problems

Optimization problems can be classified according to different criteria. This classification
is important because the mathematical structure of a problem strongly influences the
choice of the solution method. A problem with continuous variables is not solved in the
same way as a problem with binary assignment decisions. Similarly, a deterministic model
does not have the same interpretation as a model that explicitly considers uncertainty.
In industrial applications, identifying the type of optimization problem is therefore an
essential step before selecting an appropriate formulation and resolution approach.

Production and disassembly systems usually combine several characteristics. They
often involve discrete decisions, such as assigning tasks to stations, selecting resources, or
opening workstations. They may also include continuous variables, such as start times,
completion times, or workload measures. In addition, they can be deterministic when all
data are assumed to be known, or stochastic when processing times, product conditions,
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or human performance are uncertain. This explains why many industrial optimization
problems belong to the family of mixed-integer and combinatorial optimization problems.

1.3.1 Linear and Nonlinear Optimization

A first distinction concerns the mathematical form of the objective function and the con-
straints. In linear optimization, the objective function and all constraints are linear ex-
pressions of the decision variables. This means that variables appear only with constant
coefficients, without products between variables, powers, nonlinear functions, or logical
nonlinearities. Linear optimization is widely used because many industrial problems can
be approximated or formulated in a linear way, and because efficient solution methods
exist for this class of problems [8, 42].

A typical linear optimization problem can be written as:

min cTx
s.t. Ax ≤ b,

x ≥ 0,
(1.2)

where x is the vector of decision variables, c is the vector of objective coefficients, A
is the constraint matrix, and b is the vector of right-hand side values. This formulation
is compact, but it can represent many practical situations such as resource allocation,
production planning, transportation, and scheduling approximations.

Nonlinear optimization appears when the objective function or at least one constraint
is nonlinear. Nonlinearity may come from physical laws, economic functions, energy
models, risk measures, learning effects, or interaction terms between variables. Nonlinear
models can represent reality more accurately in some cases, but they are generally more
difficult to solve. They may have several local optima, and finding a global optimum can
be challenging depending on the problem structure [36].

In production and disassembly systems, linear models are often preferred when the
goal is to obtain a solvable and interpretable formulation. However, nonlinear elements
may appear when modelling fatigue, human performance, risk, ergonomic load, energy
consumption, or uncertain behaviour. In such cases, the modeller must decide whether
to keep the nonlinear structure or to use linear approximations.

1.3.2 Continuous, Integer and Mixed-Integer Optimization

A second classification concerns the type of decision variables. In continuous optimiza-
tion, variables can take any value within a given range. This type of variable is useful for
modelling quantities, times, flows, or proportions. For example, a continuous variable
can represent the start time of a task, the completion time of an operation, or the workload
assigned to a station.

In integer optimization, some or all variables must take integer values. This is common
in industrial decision problems because many decisions are discrete. A station is either
opened or not. A task is assigned to one station and not to another. A robot is selected
or not selected. These yes/no decisions are usually represented using binary variables,
which are a special case of integer variables.

Mixed-integer optimization combines continuous and integer variables in the same
model. It is particularly important for production, assembly, and disassembly systems
because these systems often include both assignment decisions and timing decisions. For
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example, a mixed-integer model may use binary variables to assign tasks to stations and
continuous variables to represent the start and finish times of tasks.

Mixed-integer linear programming, commonly abbreviated as MILP, is one of the most
widely used modelling frameworks in industrial optimization. It is powerful because
it can represent logical decisions, assignment constraints, capacity limits, precedence
relations, and resource selection in a single mathematical formulation. However, MILP
problems can become computationally difficult when the number of tasks, products,
stations, and resources increases.

1.3.3 Single-Objective and Multi-Objective Optimization

Another important distinction concerns the number of objectives. In single-objective
optimization, the problem has one main performance criterion. For example, the objective
may be to minimize total cost, minimize the number of stations, minimize cycle time, or
minimize total completion time. This type of formulation is useful when one criterion
clearly dominates the decision-making process.

However, many industrial problems involve several conflicting objectives. A solution
that minimizes cost may not minimize workload imbalance. A solution that reduces
the number of stations may increase the workload of human operators. A solution that
improves productivity may reduce flexibility or increase safety risk. In such cases, the
problem becomes multi-objective.

Multi-objective optimization aims to consider several criteria simultaneously. Instead
of producing a single best solution in the classical sense, it often produces a set of efficient or
Pareto-optimal solutions. A solution is Pareto-optimal when no objective can be improved
without worsening at least one other objective [33]. This concept is useful in industrial
systems because decision-makers often need to compare trade-offs rather than select a
solution based on one criterion only.

In disassembly line problems, possible objectives may include minimizing cost, min-
imizing the number of workstations, minimizing idle time, balancing human workload,
reducing hazardous operations, or maximizing recovered value. The choice between a
single-objective and a multi-objective formulation depends on the purpose of the study
and on the level of detail required by the decision-maker.

1.3.4 Deterministic and Stochastic Optimization

A deterministic optimization problem assumes that all input data are known with cer-
tainty. Processing times, costs, resource availability, product structure, and demand are
considered fixed. Deterministic models are useful because they are easier to formulate,
interpret, and solve. They also provide a clear first representation of the decision problem.

However, many industrial systems are affected by uncertainty. Processing times may
vary from one operator to another. Product condition may be unknown before inspection.
Human execution times may depend on fatigue, experience, task complexity, or unex-
pected difficulties. In disassembly systems, uncertainty is even more important because
end-of-life products may arrive with different degradation levels, damage conditions, or
missing information.

Stochastic optimization explicitly considers uncertainty by representing some param-
eters as random variables or scenarios. Instead of optimizing for a single fixed data set,
the model seeks a solution that performs well under uncertainty. This approach is useful
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when the variability of the system has a significant impact on performance [9]. For exam-
ple, stochastic processing times can be used to model the variability of human operations
in a human–robot collaborative disassembly line.

Another related approach is robust optimization, which aims to find solutions that
remain feasible and effective under a range of possible parameter values. Robust models
are useful when probability distributions are difficult to estimate, but uncertainty ranges
are known or can be reasonably defined. In practice, deterministic, stochastic, and ro-
bust approaches can be seen as complementary modelling choices rather than competing
methods.

Table 1.1 summarizes the main classification criteria of optimization problems and
their relevance to production and disassembly systems.

Table 1.1: Main classifications of optimization problems and relevance to industrial sys-
tems.

Classification
criterion

Main categories Relevance to production and
disassembly systems

Mathematical
structure

Linear and nonlinear optimization. Determines whether the model
can be solved using linear
programming techniques or
requires nonlinear methods.

Variable type Continuous, integer, binary, and
mixed-integer optimization.

Represents timing decisions,
assignment decisions, resource
selection, and station opening
decisions.

Number of
objectives

Single-objective and
multi-objective optimization.

Allows the model to focus on one
criterion or to analyse trade-offs
between cost, workload, time, and
safety.

Treatment of
uncertainty

Deterministic, stochastic, and
robust optimization.

Determines whether processing
times, product condition, or
resource performance are treated
as fixed or uncertain.

Problem nature Continuous, combinatorial, or
hybrid problems.

Reflects the complexity of task
assignment, sequencing, line
balancing, and scheduling
decisions.

This classification underlines that optimization is not a single method, but a fam-
ily of modelling approaches. For production and disassembly systems, mixed-integer
formulations are particularly important because they can represent discrete task assign-
ments, resource choices, precedence constraints, and station decisions. When uncertainty
is introduced, especially in human task execution times or end-of-life product condition,
deterministic models may be extended toward stochastic or robust formulations.
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1.4 Mathematical Programming

Mathematical programming is one of the main families of optimization methods used
in operations research and industrial engineering. It consists of formulating a decision
problem as a mathematical model and solving it using appropriate algorithms. A math-
ematical programming model usually includes decision variables, an objective function,
and constraints. The objective function measures the performance of the solution, while
the constraints define the feasible region of the problem.

This modelling framework is particularly useful for production and disassembly sys-
tems because many industrial decisions can be expressed mathematically. For example, a
task can be assigned to a workstation, a resource can be selected, a precedence relation can
be imposed, and a cycle time constraint can be respected. Mathematical programming
makes it possible to represent these decisions explicitly and to evaluate them according
to a clear performance criterion.

1.4.1 Linear Programming

Linear programming, usually abbreviated as LP, is one of the most fundamental forms
of mathematical programming. In a linear programming model, the objective function
and all constraints are linear expressions of continuous decision variables. This means
that the model does not include products of variables, nonlinear functions, or integer
restrictions. Despite this apparent simplicity, linear programming can represent many
important industrial problems, such as production planning, resource allocation, blend-
ing, transportation, and capacity planning [8, 42].

A standard linear programming model can be written as follows:

min
n∑

j=1

c jx j

s.t.
n∑

j=1

ai jx j ≤ bi, i = 1, . . . ,m,

x j ≥ 0, j = 1, . . . ,n.

(1.3)

In this formulation, x j represents the continuous decision variables, c j are the objective
coefficients, ai j are the technological coefficients, and bi are the available capacities or
limits. The objective is to minimize a linear cost function while satisfying all resource or
technical constraints.

Linear programming is attractive because it has strong theoretical foundations and
efficient solution methods. The simplex method and interior-point methods are among
the most common approaches for solving LP problems. In practice, linear programming is
also important because many more complex models, including integer and mixed-integer
models, rely on LP relaxations during the solution process [8].

However, pure linear programming is not sufficient for many production and disas-
sembly problems. In line balancing, for example, a task cannot be partially assigned to
several stations if the operation must be performed as a whole. A workstation is either
opened or not. A robot is either installed or not. These decisions require integer or binary
variables, which leads to integer programming.
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1.4.2 Integer Programming

Integer programming, abbreviated as IP, extends mathematical programming by requiring
some or all decision variables to take integer values. When the variables are restricted to
0 or 1, the model is called binary integer programming. Binary variables are especially
useful for representing logical decisions in industrial systems.

For example, in a line balancing problem, a binary variable can be defined as follows:

xik =

1, if task i is assigned to station k,
0, otherwise.

(1.4)

This type of variable is very useful because it directly represents assignment decisions.
Similar binary variables can be used to indicate whether a station is opened, whether a
robot is used, whether a task is performed by a human, or whether a specific execution
mode is selected.

Integer programming is powerful, but it is generally more difficult to solve than linear
programming. The main reason is that the feasible region becomes discrete. Instead
of searching over a continuous space, the solver must explore combinations of integer
decisions. As the number of binary variables increases, the number of possible combi-
nations can grow very quickly. This phenomenon is one of the sources of computational
complexity in line balancing, scheduling, and resource allocation problems [45].

Several exact methods are used to solve integer programming problems. Branch-and-
bound is one of the most important methods. It systematically divides the solution space
into smaller subproblems and uses bounds to eliminate regions that cannot contain an
optimal solution. Branch-and-cut extends this idea by adding valid inequalities, called
cuts, to strengthen the formulation and reduce the search space. These methods can
prove optimality, but their computational time may become large for difficult industrial
problems.

1.4.3 Mixed-Integer Linear Programming

Mixed-integer linear programming, commonly abbreviated as MILP, combines continuous
variables and integer or binary variables in a linear model. This makes MILP one of the
most important modelling frameworks for industrial optimization. Continuous variables
can represent times, workloads, or costs, while binary variables can represent assignment,
selection, sequencing, or activation decisions.

A general MILP model can be expressed as:

min cTx + dT y
s.t. Ax + By ≤ b,

x ≥ 0,
y ∈ {0, 1}q,

(1.5)

where x represents continuous variables and y represents binary variables. The matri-
ces A and B describe the coefficients of continuous and binary variables in the constraints.
This structure is flexible and can represent a wide range of industrial decision problems.

MILP is particularly relevant to production and disassembly systems because these
systems often combine physical timing decisions and discrete assignment decisions. For
example, in a disassembly line, binary variables can assign tasks to stations, select exe-
cution modes, or indicate whether a station is used. Continuous variables can represent
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starting times, completion times, cycle time, idle time, or workload. Constraints can then
enforce precedence relations, resource availability, station capacities, and non-overlap
between tasks.

The main advantage of MILP is that it provides a rigorous modelling structure and,
when solved exactly, can provide optimal solutions or optimality gaps. This is important
when the decision-maker needs to justify the quality of a solution. However, MILP models
can become computationally demanding for large-scale problems, especially when they
include many products, tasks, stations, resources, and precedence relations.

For this reason, MILP is often used in two ways. In small or medium-sized instances,
it can be solved directly using exact optimization methods. In larger instances, it can be
used as a reference model to understand the structure of the problem, evaluate heuristic
solutions, or provide bounds for approximate methods. This dual role makes MILP useful
both as a practical solution tool and as a scientific modelling framework.

1.4.4 Relevance to Line Balancing and Scheduling

Line balancing and scheduling problems are strongly connected to mathematical pro-
gramming. In line balancing, tasks must be assigned to workstations while respecting
precedence relations and cycle time constraints. In scheduling, tasks must be ordered
over time while respecting resource availability and technological constraints. When
both aspects are considered together, the problem becomes more complex because station
assignment and temporal feasibility must be satisfied simultaneously.

In a production or disassembly line, a typical line balancing decision is to determine
where each task should be performed. This can be represented using binary assignment
variables. The workload of each station is then computed from the processing times of
the tasks assigned to it. A cycle time constraint ensures that the workload of each station
does not exceed the allowed time. Precedence constraints ensure that tasks are assigned
and ordered in a technically feasible way.

In scheduling, additional variables may be needed to represent start times and com-
pletion times. If two tasks require the same resource, they cannot be executed simultane-
ously. This creates non-overlap constraints. In human–robot collaborative systems, the
scheduling problem becomes even more detailed because some tasks may require only
a human, others only a robot, and some both resources at the same time. Collaborative
tasks therefore require synchronization between human and robotic resources.

Table 1.2 summarizes the relevance of LP, IP, and MILP to production and disassembly
system modelling.
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Table 1.2: Relevance of mathematical programming approaches to production and disas-
sembly systems.

Approach Main characteristics Relevance to industrial systems

Linear
programming

Continuous variables with linear
objective and linear constraints.

Useful for resource allocation,
production planning, capacity
planning, and LP relaxations of
more complex models.

Integer
programming

Integer or binary variables used to
represent discrete decisions.

Useful for task assignment, station
opening, resource selection, and
logical decision-making.

Mixed-integer
linear
programming

Combines continuous and
binary/integer variables in a linear
formulation.

Suitable for line balancing,
scheduling, task allocation,
precedence constraints, and
human–robot execution mode
selection.

For the context of this work, mixed-integer linear programming is especially important.
The organization of a disassembly line involves discrete decisions, such as assigning
tasks to stations and selecting execution modes, as well as continuous decisions, such
as representing processing times or task start times. MILP therefore provides a natural
modelling framework for describing such systems in a rigorous way. At the same time, the
complexity of MILP models explains why exact methods may need to be complemented
by heuristics, metaheuristics, or simulation-based approaches for larger or more uncertain
industrial cases.

1.5 Optimization in Production and Disassembly Systems

Optimization plays an important role in the design and management of production and
disassembly systems. These systems require several decisions to be made simultane-
ously, such as assigning tasks to stations, sequencing operations, selecting resources,
balancing workloads, and respecting technical constraints. In many cases, these decisions
are interdependent. A task assignment decision can influence station workload, resource
availability, cycle time feasibility, and the global performance of the line.

Production systems have traditionally been studied from a forward-flow perspective,
where raw materials and components are transformed into finished products. Disassem-
bly systems follow the opposite direction: a product is separated into subassemblies,
components, or materials for reuse, remanufacturing, recycling, or disposal. Although
both systems involve tasks, resources, stations, and precedence relations, disassembly
systems usually face additional difficulties because end-of-life products may be heteroge-
neous, damaged, incomplete, or uncertain in condition.

In this context, optimization provides a structured way to represent production and
disassembly decisions. It helps determine how tasks should be distributed, how resources
should be used, and how operational constraints should be respected. The following
subsections introduce the main optimization concepts used in production and disassembly
systems, with particular attention to line balancing, scheduling, resource allocation, and
human–robot collaborative systems.
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1.5.1 Production Line Balancing

A production line is usually composed of several workstations arranged according to a
process flow. Each product follows the line and receives a set of operations at different
stations. The objective of line balancing is to distribute tasks among workstations so that
the workload is balanced and the line can operate efficiently. This problem is central in
industrial engineering because a poorly balanced line can create bottlenecks, idle time,
low productivity, and poor resource utilization.

The basic line balancing problem consists of assigning a set of tasks to stations while
respecting precedence constraints and a cycle time. Precedence constraints define the
technological order between tasks. For example, one operation may have to be completed
before another can start. The cycle time represents the maximum allowed workload at
each station. If the total processing time assigned to a station exceeds the cycle time, the
line configuration is not feasible.

In a simple assembly line balancing problem, the objective is often to minimize the
number of stations for a given cycle time or to minimize the cycle time for a given
number of stations. More general formulations may include additional constraints, such
as parallel stations, mixed-model production, zoning restrictions, ergonomic constraints,
resource limitations, or cost minimization [5, 10, 4].

Line balancing is usually a combinatorial optimization problem. If there are many
tasks and several possible stations, the number of possible assignments becomes very
large. For this reason, exact methods may become computationally expensive for large
instances. Heuristics and metaheuristics are often used when the objective is to obtain
good solutions within a reasonable computation time.

The concept of line balancing is relevant to disassembly systems because disassem-
bly operations must also be distributed across stations. However, the reverse nature
of disassembly introduces additional constraints related to product condition, recovery
objectives, hazardous components, and alternative disassembly routes.

1.5.2 Assembly and Disassembly Line Balancing

Assembly and disassembly line balancing share a common structure: both involve a set of
tasks, precedence relations, workstations, processing times, and performance objectives.
However, the direction and purpose of the process are different. Assembly builds a
product from components, while disassembly separates a product into components or
materials. This difference creates important modelling implications.

In assembly, the product structure is generally known, and the process is designed
for new components under controlled conditions. In disassembly, the product may be
used, damaged, incomplete, or partially degraded. The disassembly process may also
stop at different levels depending on the recovery objective. For example, a product
may be disassembled only to remove a valuable module, or it may be further dismantled
for material recovery. This means that disassembly line balancing may involve selective
disassembly, partial disassembly, hazardous part removal, and alternative task sequences.

The disassembly line balancing problem can be defined as the assignment of disassem-
bly tasks to workstations while respecting precedence relations and line constraints. Gun-
gor and Gupta introduced early formulations of the disassembly line balancing problem
and considered the presence of task failures, which is particularly relevant in end-of-life
product recovery [18]. Later reviews emphasized that disassembly line balancing can
involve several objectives, such as minimizing the number of workstations, balancing idle
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time, removing hazardous parts early, or recovering high-demand components as soon
as possible [37].

Compared with assembly line balancing, disassembly line balancing is often more
uncertain. The exact state of the product may not be known before inspection. Some
components may be missing, damaged, blocked, or impossible to remove without de-
structive operations. Task times may vary depending on product condition and operator
behaviour. As a result, disassembly line balancing models may need to incorporate un-
certainty, stochastic processing times, alternative routes, or robust decision-making.

For end-of-life electric vehicle batteries, these issues become even more critical. Bat-
tery packs differ in architecture, chemistry, cooling systems, joining methods, and safety
constraints. In addition, they may contain residual energy and hazardous components.
Therefore, the balancing of an EV battery disassembly line must consider not only work-
load efficiency, but also safety, resource compatibility, and product variability.

1.5.3 Scheduling and Resource Allocation

Scheduling focuses on the temporal organization of tasks. While line balancing decides
where tasks are performed, scheduling decides when tasks are performed and in which
order they use shared resources. In production and disassembly systems, scheduling is
important because tasks may compete for the same human operator, robot, tool, lifting
device, or workstation.

A scheduling problem typically involves operations, processing times, resources, and
precedence constraints. The objective may be to minimize completion time, lateness, total
flow time, idle time, or resource conflicts. In manufacturing systems, scheduling has
been widely studied because it directly affects productivity, delivery performance, and
resource utilization [38].

In disassembly systems, scheduling is connected to line balancing because a task
assignment is not sufficient if the required resources are not available at the right time.
For example, two tasks assigned to the same station cannot be performed simultaneously
by the same operator. If a robot is required for several tasks, the schedule must ensure
that these tasks do not overlap. If a collaborative task requires both a human and a robot,
their availability must be synchronized.

Resource allocation concerns the selection and assignment of available resources to
tasks. Resources may include human operators, robots, tools, fixtures, workstations,
inspection devices, or transport systems. In human–robot collaborative systems, resource
allocation is especially important because tasks may have different execution modes.
Some tasks can be performed by humans, some by robots, some by either resource, and
others require both resources simultaneously.

The combination of scheduling and resource allocation creates a complex optimization
problem. It must ensure that task precedence is respected, resources are not overused, and
station workloads remain feasible. This is why mathematical programming and heuristic
approaches are often used to organize production and disassembly systems.

1.5.4 Human–Robot Collaborative Systems

Human–robot collaborative systems aim to combine the strengths of human operators and
robotic systems. Humans are flexible, adaptive, and capable of interpreting unexpected
situations. Robots are repeatable, precise, and useful for heavy, repetitive, or hazardous
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operations. In industrial systems where product variability is high, collaboration between
humans and robots can provide a compromise between flexibility and automation.

From an optimization perspective, human–robot collaboration introduces additional
decision dimensions. The model must not only assign tasks to stations, but also determine
the execution mode of each task. A task may be performed by a human, by a robot, or
by both resources together. The processing time, cost, risk, and feasibility of a task may
depend on the selected mode. Therefore, human–robot collaborative systems require a
more detailed representation of task-resource compatibility.

Collaborative tasks also introduce synchronization constraints. If a task requires both
a human and a robot, both resources must be available at the same station during the
same time interval. This is different from a flexible task that can be performed by either a
human or a robot. In the collaborative case, the resources are complementary rather than
interchangeable. This distinction is important for modelling human–robot disassembly
lines.

Safety must also be considered in human–robot collaboration. Even when collabora-
tive robots are designed to operate near humans, the organization of tasks must prevent
collisions, unsafe contact, tool interference, and uncontrolled movements. The opti-
mization problem should therefore be consistent with safe interaction, feasible resource
assignment, and realistic task sequencing.

In the context of end-of-life EV battery disassembly, human–robot collaboration is
particularly relevant because the product is complex and uncertain. Human operators
can adapt to irregular conditions, inspect components, and handle delicate operations.
Robots can support repetitive unscrewing, lifting, holding, or hazardous operations. Op-
timization helps determine how these resources should be combined in order to improve
line performance while respecting safety and operational constraints.

1.5.5 Comparison between Production and Disassembly Optimization

Although production and disassembly systems share several modelling concepts, they
differ in their objectives and constraints. Production optimization usually focuses on
assembling products efficiently, reducing cost, improving throughput, and meeting de-
mand. Disassembly optimization focuses on recovering value from end-of-life products,
managing uncertainty, reducing risk, and preparing components or materials for down-
stream recovery routes.

Table 1.3 summarizes the main differences between production and disassembly opti-
mization problems.
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Table 1.3: Comparison between production and disassembly optimization problems.

Aspect Production / assembly systems Disassembly systems

Process direction Forward process: components are
assembled into a finished product.

Reverse process: an end-of-life
product is separated into
components or materials.

Product condition New components with controlled
quality and known specifications.

Used products with possible
degradation, damage, missing
parts, or unknown condition.

Main objective Improve productivity, reduce cost,
meet demand, and balance
workload.

Recover value, remove hazardous
parts, support reuse,
remanufacturing, or recycling.

Task structure Usually defined by a planned
assembly process.

May include selective disassembly,
alternative routes, and uncertain
feasibility.

Uncertainty Often related to demand,
processing time, or machine
availability.

Often related to product condition,
task feasibility, component
accessibility, and processing time.

Resource use Human, machine, or robotic
resources in relatively controlled
conditions.

Human, robotic, and collaborative
resources under higher variability
and safety constraints.

This comparison explains why disassembly optimization cannot be treated simply as
the reverse of assembly optimization. Even if similar mathematical tools can be used,
the modelling assumptions must reflect the specific characteristics of end-of-life products.
For EV battery disassembly, this means considering product heterogeneity, safety con-
straints, resource compatibility, human–robot collaboration, and possible processing time
variability.

1.6 Solution Approaches

After formulating an optimization problem, the next step is to choose an appropriate
solution approach. This choice is important because the quality of the results does not
depend only on the model, but also on the method used to solve it. A small and well-
structured problem may be solved exactly, while a large industrial problem may require
approximate methods to obtain a good solution within a reasonable computation time.

In production and disassembly systems, solution approaches must deal with several
sources of complexity: task assignment, precedence relations, station capacity, resource
compatibility, processing times, and sometimes uncertainty. When human–robot collab-
oration is considered, the problem becomes even more complex because each task may
have different feasible execution modes and because collaborative tasks may require syn-
chronization between resources. For this reason, several families of solution methods
are commonly used, including exact methods, heuristics, metaheuristics, and simulation-
based or data-driven approaches.

32



1.6.1 Exact Methods

Exact methods aim to find an optimal solution and, when possible, prove that no better
feasible solution exists. These methods are particularly useful when the problem size is
moderate or when the decision-maker needs a guaranteed optimal solution. In mathe-
matical programming, exact methods are often used to solve linear programming, integer
programming, and mixed-integer linear programming models.

For linear programming problems, methods such as the simplex algorithm and interior-
point methods are widely used. For integer and mixed-integer problems, branch-and-
bound and branch-and-cut are among the most important exact approaches. Branch-and-
bound explores the solution space by dividing it into smaller subproblems and using
bounds to eliminate parts of the search space that cannot contain an optimal solution.
Branch-and-cut strengthens this process by adding valid inequalities to improve the for-
mulation and reduce the number of explored nodes [45, 8].

The main advantage of exact methods is their ability to provide strong guarantees.
If the method reaches optimality, the obtained solution is mathematically proven to be
optimal for the formulated model. This is useful when the model is used as a benchmark
or when the problem is small enough to be solved within an acceptable time.

However, exact methods may become computationally expensive for large combina-
torial problems. In line balancing and scheduling, the number of possible assignments
and sequences can increase very rapidly with the number of tasks, stations, products, and
resources. As a result, exact methods may require a long computation time, especially
when the model includes binary variables, precedence constraints, resource conflicts, and
synchronization constraints.

For this reason, exact methods are often used in two complementary ways. First,
they can solve small and medium-sized instances directly. Second, they can provide
reference solutions, lower bounds, or optimality gaps that help evaluate the performance
of approximate methods.

1.6.2 Heuristics

Heuristics are solution methods designed to find good feasible solutions without necessar-
ily proving optimality. They are usually based on problem-specific rules, priority criteria,
or constructive procedures. In industrial applications, heuristics are valuable because
they are often simple, fast, and easier to implement than complex exact algorithms.

A constructive heuristic builds a solution step by step. For example, in a line balanc-
ing problem, tasks can be assigned to stations according to priority rules such as longest
processing time, largest number of successors, positional weight, or earliest feasible as-
signment. The objective is not to explore all possible solutions, but to produce a feasible
and acceptable solution quickly.

Improvement heuristics start from an initial solution and try to improve it by making
local changes. For example, a task may be moved from one station to another, two tasks
may be exchanged, or a sequence may be modified. If the change improves the objective
function and keeps the solution feasible, it can be accepted. This type of approach is often
useful when a first solution is available but still contains workload imbalance, idle time,
or inefficient resource use.

The main advantage of heuristics is their computational efficiency. They can handle
larger instances than exact methods and can provide solutions quickly. This is important
in industrial contexts where decisions must sometimes be made with limited time and
incomplete information. The main limitation is that heuristics do not usually provide a

33



guarantee of optimality. A heuristic solution may be good, but it is not always possible to
know how far it is from the best possible solution.

For production and disassembly systems, heuristics are often attractive because they
can incorporate practical rules that are difficult to represent in a compact mathematical
model. However, their performance depends strongly on the quality of the rules used
and on the structure of the problem.

1.6.3 Metaheuristics

Metaheuristics are general-purpose search strategies designed to explore complex solution
spaces. Unlike simple heuristics, they are not limited to one fixed construction rule. They
rely on mechanisms that alternate between exploration, which searches new regions of
the solution space, and exploitation, which improves promising solutions already found.
This balance is important in industrial optimization because large combinatorial problems
may contain many local optima and many feasible configurations with similar objective
values.

Common metaheuristics include genetic algorithms, simulated annealing, tabu search,
particle swarm optimization, ant colony optimization, and variable neighbourhood search.
Each method follows a different search logic. Genetic algorithms are inspired by evolu-
tionary mechanisms such as selection, crossover, and mutation. Simulated annealing
accepts some worsening moves in order to escape local optima. Tabu search uses memory
structures to avoid cycling and guide the search toward promising regions. Ant colony
optimization is based on the collective behaviour of artificial ants and pheromone-like
information [17, 28, 24, 13].

Metaheuristics are useful for line balancing, scheduling, and disassembly problems
because these problems often have a combinatorial structure. A solution may involve
many simultaneous decisions: assigning tasks to stations, selecting resources, ordering
operations, and respecting precedence constraints. Searching this space with exact meth-
ods can be difficult when the instance becomes large. Metaheuristics provide a practical
alternative by producing good solutions without requiring complete enumeration.

The main advantage of metaheuristics is their flexibility. They can be adapted to dif-
ferent objective functions, constraints, and industrial contexts. They can also be combined
with local search, repair mechanisms, or mathematical programming components. Their
main limitation is the absence of a general proof of optimality. Their performance de-
pends on the encoding of the solution, the design of neighbourhood operators, the choice
of acceptance criteria, the stopping rules, and the tuning of parameters.

In human–robot collaborative disassembly, metaheuristics are particularly relevant
because the problem includes both assignment and scheduling decisions. A candidate
solution may need to specify the station of each task, the selected execution mode, the
resources installed at each station, and the temporal order of operations. These decisions
interact strongly with precedence and capacity constraints. A metaheuristic can explore
such combinations more flexibly than a simple constructive rule, while requiring less
computation time than a complete enumeration of all feasible assignments.

Figure 1.2 illustrates the complementary role of exact optimization and metaheuristic
search according to problem size and combinatorial complexity. Exact methods, such as
mixed-integer linear programming, are particularly suitable for small instances because
they provide optimal solutions and strong mathematical guarantees. However, as the size
and complexity of the problem increase, their computational cost becomes much higher.
In such cases, metaheuristic approaches become more appropriate, since they are able to
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produce good-quality solutions within reasonable computational times. For medium-size
instances, both families of methods may play a complementary role, with exact models
serving as reference formulations and metaheuristics providing a more scalable search
framework.

Figure 1.2: Complementary role of exact optimization and metaheuristic search according
to instance size and combinatorial complexity.

1.6.4 Simulation-Based and Data-Driven Approaches

Simulation-based approaches are useful when the system contains dynamic behaviour,
uncertainty, or interactions that are difficult to capture in a deterministic mathematical
model. Instead of only solving equations, simulation reproduces the behaviour of the
system under different scenarios. It can be used to evaluate waiting times, resource
utilization, bottlenecks, stochastic processing times, and the effect of product variability.

In production and disassembly systems, discrete-event simulation is particularly rele-
vant. It represents the system as a sequence of events, such as the arrival of a product, the
start of a task, the completion of an operation, or the release of a resource. This allows the
modeller to analyse how the system behaves over time. Simulation does not automatically
find the best solution, but it can evaluate and compare different configurations.

Simulation can also be combined with optimization. In simulation-based optimization,
a search algorithm proposes candidate solutions, and simulation is used to evaluate their
performance. This approach is useful when analytical evaluation is difficult or when the
performance depends on random events. For example, if human processing times are
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stochastic, simulation can estimate the expected workload, waiting time, or probability of
station overload under different task assignments.

Data-driven approaches are increasingly used in industrial optimization. Historical
data, sensor information, operator performance data, and product inspection data can
help estimate processing times, failure probabilities, resource availability, or uncertainty
distributions. In some cases, machine learning can be used to predict task durations or
classify product conditions before optimization. However, data-driven methods require
reliable data and careful validation before being used for decision-making.

For end-of-life battery disassembly, simulation-based and data-driven methods can be
useful because the process is affected by product condition, human variability, and uncer-
tain task durations. A deterministic optimization model may provide a first structured
solution, while simulation or data-driven analysis can be used to test how robust this
solution is under more realistic operating conditions.

1.6.5 Comparison of Solution Approaches

The choice of a solution approach depends on the size of the problem, the required solution
quality, the available computation time, and the level of uncertainty. Exact methods are
useful when optimality is required and the instance size is manageable. Heuristics are
suitable when fast feasible solutions are needed. Metaheuristics are useful for large and
complex problems where good solutions are required but exact optimality is difficult
to prove. Simulation-based and data-driven approaches are useful when uncertainty,
dynamic behaviour, or empirical data must be considered.

Table 1.4 summarizes the main characteristics of these solution approaches.
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Table 1.4: Comparison of solution approaches for industrial optimization problems.

Approach Main principle Advantages Limitations

Exact methods Search for an optimal
solution and may
prove optimality.

Provide optimality
guarantees or
optimality gaps; useful
for benchmark
instances.

Can become
computationally
expensive for large
combinatorial
problems.

Heuristics Use problem-specific
rules to build or
improve feasible
solutions.

Fast, simple, and easy
to adapt to practical
constraints.

Usually no guarantee
of optimality;
performance depends
on the rule design.

Metaheuristics Use general search
mechanisms to explore
large solution spaces.

Flexible and suitable
for complex
assignment,
sequencing, and
scheduling problems.

Require parameter
tuning; usually no
proof of optimality.

Simulation-based
approaches

Evaluate system
behaviour under
dynamic or uncertain
conditions.

Useful for stochastic
processing times,
resource interactions,
and bottleneck
analysis.

Does not directly
optimize unless
combined with a
search method.

Data-driven
approaches

Use data to estimate
parameters, predict
outcomes, or support
optimization.

Can improve realism
when reliable
operational data are
available.

Depend on data
quality,
representativeness,
and validation.

In practice, these approaches are not mutually exclusive. A mathematical program-
ming model can be solved exactly for small instances and then used as a reference for
heuristics or metaheuristics. A heuristic can provide an initial solution to a metaheuris-
tic. A simulation model can evaluate solutions produced by an optimization algorithm.
This combination of methods is often useful in industrial systems because it allows the
modeller to balance mathematical rigor, computational efficiency, and practical realism.

1.7 Optimization under Uncertainty

Many optimization models begin with a simplifying assumption: all input data are known
and fixed. This assumption is useful because it makes the first formulation clearer and
easier to solve. In real industrial systems, however, data are rarely perfectly stable.
Processing times may vary, resources may not always be available, product conditions may
differ, and human performance may change from one task to another. These variations
can affect the feasibility and quality of a solution.

Uncertainty is especially important in disassembly systems. Unlike assembly, where
components are usually new and standardized, disassembly often deals with products
that have been used, degraded, repaired, damaged, or stored in different conditions. For
end-of-life batteries, this uncertainty is even more sensitive because the condition of the
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pack can influence safety, task duration, accessibility, and the feasible recovery route.
A line organization that works well for one battery may become less efficient or even
infeasible when another battery has a different condition.

1.7.1 Sources of Uncertainty in Industrial Systems

Uncertainty can appear at several levels of an industrial system. At the product level, the
exact structure or condition of the product may not be fully known before inspection. At
the process level, operation times may vary because of task complexity, tool condition,
or resource performance. At the resource level, human operators and machines may not
behave in a perfectly repeatable way. At the system level, demand, product mix, arrivals,
and availability of resources can change over time.

In production systems, uncertainty is often related to demand fluctuations, machine
breakdowns, material shortages, or processing time variability. In disassembly systems,
the uncertainty is broader because the product itself can be uncertain. A component may
be damaged, blocked, missing, or difficult to access. Some operations may require addi-
tional inspection or adaptation. Therefore, uncertainty is not only an external disturbance;
it is part of the disassembly process.

In human–robot collaborative systems, human execution time is an important source
of variability. A human operator may perform the same task faster or slower depending
on experience, fatigue, task visibility, ergonomic conditions, or unexpected difficulties.
This does not mean that human work is unreliable; it means that human work is adaptive
and sensitive to context. A realistic optimization approach should therefore be able to
represent, or at least acknowledge, this variability.

Table 1.5 summarizes common sources of uncertainty and their possible impact on
production and disassembly systems.

Table 1.5: Sources of uncertainty in production and disassembly systems.

Source of
uncertainty

Examples Possible impact

Product condition Damage, corrosion, deformation,
missing information, unknown
usage history.

Changes task feasibility, required
precautions, disassembly route,
and processing time.

Processing time Variability in manual tasks, tool
use, access difficulty, or component
removal.

Affects station workload, cycle
time feasibility, and schedule
reliability.

Resource
availability

Operator absence, robot downtime,
tool unavailability, maintenance
operations.

Can create delays, bottlenecks, or
reassignment needs.

Human
performance

Experience, fatigue, learning
effects, ergonomic conditions,
adaptation to unexpected cases.

Influences task duration, quality,
and variability of manual
operations.

Product mix and
arrivals

Different product types arriving
with different frequencies and
conditions.

Changes workload distribution
and required resource capacities.
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Recognizing these uncertainties is important before choosing a modelling approach.
A deterministic model may be sufficient for a first analysis or when variability is limited.
When uncertainty has a strong effect on performance, stochastic or robust modelling can
provide more realistic support for decision-making.

1.7.2 Stochastic Processing Times

Processing time is one of the most important parameters in line balancing and scheduling.
It determines station workload, resource use, completion times, and bottlenecks. In many
models, processing times are assumed to be deterministic. This means that each task has
a fixed duration known in advance. This assumption is useful, but it can be too restrictive
when tasks are performed by humans or when the product condition is uncertain.

A stochastic processing time is a task duration represented as a random variable.
Instead of assuming that a task always takes the same time, the model recognizes that
the duration may vary according to a probability distribution or a set of scenarios. For
example, a manual disconnection task may usually take three minutes, but it may take
longer if a connector is blocked, if access is difficult, or if the operator needs to inspect the
component more carefully.

In a human–robot collaborative disassembly line, stochastic processing times may be
particularly relevant for human tasks. Robotic tasks can also vary, but they are generally
more repeatable when the operation is well defined. Human tasks, on the other hand,
often include perception, judgement, adaptation, and delicate handling. These qualities
are valuable, but they naturally introduce variability in operation times.

Stochastic processing times can be handled in different ways. A model may use ex-
pected processing times, safety margins, scenarios, probability distributions, or chance
constraints. Using expected values is simple, but it may underestimate the risk of over-
load at a station. Adding safety margins can improve robustness, but may reduce line
utilization. Scenario-based models represent several possible realizations of processing
times and search for solutions that perform acceptably across them [9, 41].

The choice of representation depends on the available data. If historical observations
are available, distributions or empirical scenarios can be estimated. If data are limited,
the modeller may use expert judgement, intervals, or sensitivity analysis. In all cases,
the objective is not to make the model unnecessarily complicated, but to avoid ignoring
variability that has a real operational impact.

1.7.3 Robust and Stochastic Optimization Concepts

Stochastic optimization and robust optimization are two common approaches for dealing
with uncertainty. They are related, but they do not use the same logic. Stochastic op-
timization assumes that uncertainty can be described using probability distributions or
scenarios. The goal is often to optimize an expected performance measure or to satisfy
constraints with a certain probability. This approach is useful when enough information
is available to describe the uncertain parameters statistically [9, 41].

Robust optimization, on the other hand, does not require exact probability distribu-
tions. Instead, uncertain parameters are assumed to belong to an uncertainty set. The
goal is to find a solution that remains feasible and performs reasonably well for all, or
most, values inside this set. Robust optimization is useful when probability distributions
are difficult to estimate but reasonable bounds on uncertainty are available [7].
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Both approaches involve a trade-off. A deterministic model may produce a solution
that is efficient for nominal data, but sensitive to deviations. A robust solution may be more
reliable, but it can be more conservative. A stochastic solution may represent uncertainty
more accurately, but it requires more data and can be harder to solve. Therefore, the choice
depends on the objective of the study, the quality of available data, and the level of risk
the decision-maker is willing to accept.

For production and disassembly systems, uncertainty can be considered at different
modelling levels. At a simple level, sensitivity analysis can be used to test how the
solution changes when processing times or product mix vary. At a more advanced level,
stochastic or robust formulations can be developed to integrate uncertainty directly into
the optimization model. In human–robot disassembly, this is especially relevant when
human processing times are variable and when end-of-life products do not arrive in a
predictable condition.

1.8 Link with the Considered Research Problem

The optimization concepts presented in this chapter provide the methodological basis for
the research problem considered in this work. The problem concerns the organization of
an end-of-life electric vehicle battery disassembly line where several battery types may
be processed and where human and robotic resources may collaborate. This context
combines several features that are typical of complex industrial optimization problems.

First, the problem includes task assignment decisions. Each battery type can be decom-
posed into a set of disassembly tasks, and these tasks must be assigned to workstations.
This is directly related to line balancing because the workload of each station must remain
compatible with the cycle time. If the workload is poorly distributed, the line may suffer
from bottlenecks or idle resources.

Second, the problem includes precedence constraints. Disassembly tasks cannot be
performed in any order because the physical structure of the battery creates accessibility
and safety dependencies. Covers, connectors, busbars, cooling elements, and modules
must be handled according to a feasible sequence. This combinatorial structure requires
a clear representation of task relations.

Third, the problem includes resource allocation. Some tasks are better suited to human
operators, others to robots, and some may require collaboration between both. This creates
compatibility constraints between tasks and execution modes. A collaborative task is not
equivalent to a task that can be performed by either a human or a robot; it requires both
resources at the same time, which creates synchronization requirements.

Fourth, the problem may include uncertainty. Human execution times may vary, and
end-of-life batteries may arrive with different conditions. A deterministic formulation
can provide a first structured representation of the problem, while stochastic or robust
extensions can be used to study the influence of processing time variability and uncer-
tainty. This is particularly relevant when human tasks represent a significant part of the
disassembly process.

Table 1.6 summarizes the link between the optimization concepts introduced in this
chapter and the considered research problem.
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Table 1.6: Link between optimization concepts and the considered research problem.

Optimization
concept

General meaning Role in the considered problem

Decision variables Mathematical representation of
decisions to be made.

Assignment of tasks to stations,
selection of resources, execution
modes, and timing decisions.

Objective function Performance criterion to minimize
or maximize.

Cost, number of stations,
workload balance, cycle time, or
other performance measures.

Constraints Conditions that define feasible
solutions.

Precedence relations, cycle time,
resource compatibility, safety
requirements, and non-overlap
constraints.

Line balancing Distribution of tasks among
stations.

Organization of multi-type battery
disassembly tasks across a
balancing line.

Scheduling Temporal organization of tasks
and resources.

Start times, finish times, resource
conflicts, and synchronization of
human–robot collaborative tasks.

Uncertainty Variability or lack of perfect
knowledge in input data.

Human processing time variability
and uncertain end-of-life battery
condition.

This connection indicates that the research problem is not only a technical problem
of battery disassembly. It is also an optimization problem involving task allocation,
precedence, resource compatibility, human–robot collaboration, and possibly uncertainty.
The next chapter will build on this methodological foundation to review the literature
related to disassembly line balancing, human–robot collaboration, multi-product systems,
and stochastic or uncertain processing times.

1.9 Conclusion

This chapter introduced the main optimization concepts needed to study production and
disassembly systems. It first defined optimization as a decision-support process based on
decision variables, objective functions, constraints, feasible solutions, and optimal solu-
tions. This structure is important because it makes it possible to transform an industrial
decision problem into a mathematical model that can be analysed and solved.

The chapter then presented the main classifications of optimization problems. Linear
and nonlinear optimization differ by the mathematical form of the objective function and
constraints. Continuous, integer, and mixed-integer optimization differ by the type of
decision variables. Single-objective and multi-objective optimization differ by the number
of performance criteria considered. Deterministic, stochastic, and robust optimization
differ by the way uncertainty is represented. These classifications help identify which
type of formulation is appropriate for a given industrial problem.
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Mathematical programming was then discussed as a central modelling framework.
Linear programming, integer programming, and mixed-integer linear programming pro-
vide useful tools for representing resource allocation, task assignment, station opening,
precedence relations, and scheduling decisions. In production and disassembly systems,
mixed-integer formulations are particularly relevant because they can combine discrete
assignment decisions with continuous timing or workload variables.

The chapter also explained how optimization is used in production and disassembly
systems. Line balancing distributes tasks among workstations, scheduling organizes
tasks over time, and resource allocation assigns humans, robots, tools, or other resources
to operations. Disassembly systems share some similarities with assembly systems, but
they also introduce additional difficulties such as product condition uncertainty, selective
disassembly, hazardous components, and alternative recovery routes.

Different solution approaches were presented, including exact methods, heuristics,
metaheuristics, simulation-based methods, and data-driven approaches. Each family has
its own strengths and limitations. Exact methods can prove optimality but may become
computationally expensive. Heuristics and metaheuristics can handle larger or more
complex problems but usually do not guarantee optimality. Simulation and data-driven
approaches can improve realism when uncertainty and operational data are important.

Finally, the chapter discussed optimization under uncertainty. This aspect is par-
ticularly relevant for disassembly systems because end-of-life products are not always
predictable and because human processing times may vary. Stochastic and robust op-
timization provide possible ways to represent uncertainty and to design solutions that
remain effective under variable conditions.

The concepts introduced in this chapter provide the methodological basis for the rest
of the work. They explain why the organization of a multi-type human–robot battery
disassembly line can be studied as an optimization problem and why exact models may
need to be complemented by metaheuristic search for larger cases. The following chapter
presents the literature review related to disassembly line balancing, human–robot collabo-
ration, multi-product systems, uncertainty, and metaheuristic optimization for end-of-life
product recovery.
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Chapter 2
Literature review
2.1 Introduction

The previous chapter introduced the main families of optimization methods and showed
why complex industrial planning problems often require both rigorous mathematical
formulations and scalable solution approaches. Building on this methodological back-
ground, the present chapter focuses on the scientific literature related to end-of-life electric
vehicle battery disassembly. In this context, disassembly is not only a technical opera-
tion, but also a strategic activity that enables reuse, remanufacturing, repurposing and
recycling. However, the organization of battery disassembly remains difficult because of
the high variability of battery architectures, the presence of hazardous components, the
lack of standardization, and the uncertainty related to the real condition of end-of-life
products.

For this reason, the scientific literature has increasingly focused on the development of
decision-support models for disassembly planning. These models aim to determine how
a product should be disassembled, in which order the operations should be performed,
which resources should be used, and how the workload should be distributed among
workstations. In the broader field of remanufacturing and recycling, disassembly has
been studied through several related problems, such as disassembly scheduling, selective
disassembly planning, disassembly sequence planning, and disassembly line balancing.
These problems generally involve precedence constraints, resource capacity constraints,
task assignment decisions, and performance criteria related to time, cost, profit, energy or
risk.

In the specific case of electric vehicle batteries, the problem becomes even more com-
plex. Battery packs and modules contain electrical, mechanical and thermal components
that must be removed in a safe and structured way. Some operations are dangerous be-
cause of high voltage or thermal risks, while others require flexibility and human judgment
due to product degradation or design heterogeneity. Villagrossi and Dinon [44] showed
that robotic systems can support battery pack disassembly, but that product variability
still limits full automation. Rettenmeier et al. [40] analyzed disassembly technologies as
a key element of the circular battery value chain. Kaarlela et al. [25] reviewed robotised
battery disassembly and emphasized the need for flexible tooling and product informa-
tion. Li et al. [29] also highlighted the role of artificial intelligence and human–robot
collaboration in future end-of-life battery disassembly systems.

This chapter presents a review of the main research contributions related to disassem-
bly planning and line balancing, with a progressive focus on end-of-life electric vehicle
batteries. The review first discusses general disassembly and remanufacturing scheduling
problems, then examines the specific challenges of battery disassembly. After that, it ana-
lyzes works on disassembly sequence planning, disassembly line balancing, human–robot
collaboration, uncertainty modeling, and multi-product disassembly lines. Particular at-
tention is given to studies that are close to the present research, especially those dealing
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with human and robotic resources, stochastic operation times, and several product types.
The purpose of this state of the art is not only to summarize existing approaches,

but also to identify the remaining research gaps. The literature shows that many con-
tributions address battery disassembly through sequence optimization, line balancing,
or human–robot task allocation. Nevertheless, most works remain focused on a single
battery type or rely on deterministic data. Moreover, although uncertainty, multi-product
disassembly and human–robot collaboration have been studied separately, their simulta-
neous integration remains limited. These observations justify the modelling framework
on which this work is based: a deterministic mono-objective formulation provides a rig-
orous reference for the multi-product human–robot collaborative disassembly line, while
a stochastic scenario-based extension accounts for uncertainty in human operation times.
The computational limits of such exact formulations then motivate the development of a
more scalable solution approach for larger instances.

2.2 General Disassembly and Remanufacturing Schedul-
ing Problems

Before focusing on electric vehicle batteries, it is necessary to place the disassembly prob-
lem within the broader context of remanufacturing and end-of-life product recovery. In
closed-loop supply chains, disassembly is generally the first operational step that makes
it possible to recover components, materials, or subassemblies. Unlike classical man-
ufacturing or assembly, where the product structure is usually known and controlled,
disassembly deals with returned products whose condition may vary from one unit to
another. This makes the planning problem more difficult, especially when only some
parts have to be recovered or when several recovery options are possible.

In the literature, disassembly has been studied from different decision-making perspec-
tives. Some works focus on disassembly sequence planning, where the main question is
to determine the order in which components should be removed. Other works consider
disassembly scheduling, where operations must be assigned to machines or workstations
over time. A third stream addresses disassembly line balancing, where tasks are dis-
tributed among stations while respecting precedence relations and cycle time constraints.
These problems share a common structure: they involve a product precedence graph, a
set of tasks or operations, limited resources, and one or several performance criteria.

2.2.1 Disassembly as a Scheduling and Process Planning Problem

In remanufacturing systems, disassembly is rarely treated as an isolated operation. It is
often integrated with downstream processes such as cleaning, inspection, reprocessing,
and reassembly. For this reason, several authors have formulated integrated planning
and scheduling models for remanufacturing systems. In these models, the system usually
includes a disassembly stage, a reprocessing stage, and a reassembly stage. The main
decisions concern the selection of process routes, the assignment of operations to machines,
and the sequencing of products or components.

Early contributions already showed that end-of-life recovery processes can be modeled
as scheduling problems. Cheng et al. proposed a scheduling model for refurbishing
processes in recycling management, showing that the sequencing of returned products and
the weighting of completion times can influence the performance of recovery operations
[11]. Although this work does not focus on batteries, it is useful because it introduces
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the idea that disassembly and refurbishment are not only technical processes, but also
scheduling problems that require optimization.

More recent works integrate process planning and scheduling decisions in remanu-
facturing environments. Zhang et al. [54] studied an integrated process planning and
scheduling problem in a flexible job-shop-type remanufacturing system composed of dis-
assembly, reprocessing and reassembly workshops. In this type of system, the model
must determine the assignment and sequence of products in disassembly and reassembly
stages, while also selecting processing routes and machines for the reprocessing stage.
Zhang et al. [55] extended this logic by considering energy-oriented integrated process
planning and scheduling. Another work by Zhang et al. [56] addressed a flexible job-
shop-type remanufacturing system where total energy consumption and total completion
time are considered.

These studies show that the disassembly stage cannot be completely separated from the
rest of the remanufacturing system when the objective is to organize the whole recovery
process. However, they mainly focus on general remanufacturing systems and do not
always consider the specific constraints of battery disassembly, such as electrical hazards,
thermal risks, and the need for human–robot cooperation.

2.2.2 Selective, Partial, and Multi-Product Disassembly

Another important research direction concerns selective and partial disassembly. In many
end-of-life products, it is not always economically or technically necessary to remove all
components. Instead, the decision-maker may target only valuable, reusable, hazardous,
or legally required parts. This leads to selective disassembly planning, where the model
must decide which operations are necessary and which can be avoided.

Ehm considered a selective disassembly planning and scheduling problem for multiple
products in a job-shop environment. The proposed problem integrates the selection of
disassembly operations, the choice between destructive and non-destructive modes, and
the scheduling of operations on machines. The model aims to minimize the makespan
and environmental impact, while respecting precedence relations, machine capacities,
recovery requirements and restrictions related to destructive operations [14]. This work
is important because it shows that multi-product disassembly can be formulated in a
unified scheduling framework, even when different products have different structures
and recovery requirements.

Partial disassembly has also been studied in robotic or automated line configurations.
In this case, only demanded parts and hazardous parts may be imposed as mandatory,
while other components can be left inside the product if their recovery value is not
sufficient. This idea is particularly relevant for industrial recovery systems, because
complete disassembly may increase the processing time and cost without necessarily
improving the economic result. Therefore, partial disassembly introduces a trade-off
between recovery value and operational effort.

For the present research, this literature is useful for two reasons. First, it shows that
disassembly planning can be formulated as a structured optimization problem with task
selection, precedence constraints and resource assignment. Second, it confirms that the
multi-product dimension is important in realistic end-of-life systems. Nevertheless, most
multi-product studies remain general and are not specifically designed for electric vehicle
batteries or for human–robot collaborative stations.
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2.2.3 Exact, Heuristic and Learning-Based Solution Approaches

The problems described above are generally combinatorial and difficult to solve for large
instances. Exact methods such as mixed-integer linear programming are useful because
they provide a clear mathematical description of the problem and can obtain optimal
solutions for small or medium instances. However, when the number of tasks, products,
routes or resources increases, exact methods often become computationally expensive.

For this reason, many authors propose heuristic or metaheuristic methods. Zhang et
al. [54] used an improved artificial bee colony algorithm for integrated remanufacturing
process planning and scheduling. Zhang et al. [55] relied on an improved spider monkey
optimization approach for an energy-aware formulation. Zhang et al. [56] proposed an
improved grey wolf optimization method for flexible job-shop remanufacturing schedul-
ing. Tian et al. [43] considered an energy-efficient remanufacturing scheduling problem
with a lot-streaming production mode. These methods do not always guarantee optimal-
ity, but they are able to provide good-quality solutions within acceptable computational
time.

Uncertainty and dynamic decision-making have also been progressively introduced
in remanufacturing scheduling. Fu et al. studied a stochastic integrated disassembly–
reprocessing–reassembly scheduling problem where processing times are modeled through
probability distributions [15]. Yuan et al. considered fuzzy processing times in capaci-
tated disassembly scheduling, which is useful when exact probability distributions are not
available [52]. Han et al. proposed a deep reinforcement learning approach for dynamic
disassembly scheduling, showing that learning-based methods can support decisions
when product quantities, buffers or system states evolve over time [22].

These contributions show that heuristic, metaheuristic and learning-based approaches
are well suited for complex disassembly and remanufacturing problems. This point is
directly related to the methodology adopted in the present work. Exact mathematical
models provide a rigorous formulation of the multi-product human–robot collaborative
disassembly line. However, because the problem combines task assignment, station
opening, mode selection, precedence relations and resource constraints, exact resolution
becomes increasingly difficult as the number of products and tasks grows. This limitation
supports the need for a scalable metaheuristic solution method after the exact modelling
phase.

2.3 Electric Vehicle Battery Disassembly: Specific Chal-
lenges and Research Trends

After introducing disassembly as a general decision-making problem in remanufacturing
systems, it is important to focus on the particular case of electric vehicle batteries. The
disassembly of end-of-life electric vehicle batteries cannot be considered as a classical
product disassembly problem. Battery packs are complex electrochemical systems that
include cells, modules, busbars, cooling systems, electronic control units, safety devices,
covers, connectors and several types of mechanical fasteners. Their structure depends
strongly on the manufacturer, the vehicle model and the battery generation. Therefore,
the disassembly process must deal with a high level of product heterogeneity.

In addition to structural complexity, electric vehicle batteries raise important safety
issues. Even at the end of their first life, they may still contain residual energy and present
electrical, thermal and chemical risks. Operations such as removing high-voltage con-
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nectors, separating modules, handling damaged cells or accessing internal components
must be performed carefully in order to avoid short circuits, thermal runaway or operator
exposure to hazardous materials. Harper et al. emphasized that the recycling of lithium-
ion batteries from electric vehicles requires careful upstream handling and disassembly
before material recovery, because the design and composition of battery packs have a
direct impact on the safety and efficiency of recycling routes [23]. Similarly, Mossali et
al. highlighted that battery recycling opportunities depend not only on downstream met-
allurgical processes, but also on the ability to prepare and separate battery components
efficiently before recycling [34].

2.3.1 Specificity of End-of-Life EV Battery Disassembly

The specificity of electric vehicle battery disassembly is mainly related to three aspects:
product architecture, safety constraints, and end-of-life uncertainty. First, battery packs
are not standardized. Different manufacturers use different cell formats, module ar-
rangements, cooling systems, enclosure designs, connection technologies and fastening
methods. Kampker et al. proposed a framework for classifying battery system architec-
tures, showing that battery packs can vary considerably in their structural organization
and integration level [26]. Belingardi and Scattina also discussed the integration of battery
packs into the vehicle structure, which confirms that battery accessibility and disassembly
depend on architectural and design choices made at the vehicle level [6].

Second, battery disassembly includes hazardous tasks that cannot be assigned only
according to processing time or cost. Some operations require specific safety procedures
and may be more suitable for robotic execution, while others require human flexibility
and judgment. For example, removing high-voltage components, handling damaged
modules, or operating near potentially unstable cells may expose workers to serious risks.
This explains why recent studies increasingly consider the allocation of hazardous tasks
to robots and complex tasks to humans, instead of relying only on manual disassembly.

Third, end-of-life batteries are not always received in the same condition. Their state
may depend on their usage history, state of health, accident history, level of degradation,
corrosion, deformation or previous maintenance operations. Consequently, the time
needed to perform the same disassembly task may vary from one battery to another. This
point is particularly important for the present work, since a deterministic model with
fixed operation times can be useful as a first modeling step, but it does not fully represent
the variability of real disassembly operations.

2.3.2 Manual, Automated, and Human–Robot Assisted Disassembly

Current industrial battery disassembly is still largely manual. Manual disassembly re-
mains attractive because humans are flexible and able to adapt to product variability,
unexpected defects and incomplete product information. However, manual operations
expose workers to ergonomic and safety risks, especially when handling heavy mod-
ules, sharp components, damaged batteries or high-voltage elements. Moreover, manual
disassembly can be time-consuming and difficult to standardize.

For these reasons, several authors have investigated automated and robotised disas-
sembly solutions. Villagrossi and Dinon studied the use of robotics for electric vehicle
battery pack disassembly in the context of sustainable remanufacturing. They showed
that robotic systems can support operations that are repetitive, physically demanding or
dangerous, but also underlined that full automation remains difficult because of prod-
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uct variability, uncertainty and the complexity of battery structures [44]. Kaarlela et al.
also reviewed robotised disassembly of electric vehicle batteries and concluded that au-
tomation requires flexible perception, adaptable tooling, safe manipulation strategies and
better product information [25].

Between fully manual and fully automated disassembly, human–robot collaboration
appears as an intermediate and promising solution. In such systems, humans and robots
do not replace each other completely. Instead, each resource is used according to its
strengths. Human operators can handle tasks requiring perception, reasoning and adap-
tation, while robots can perform dangerous, repetitive, heavy or highly controlled oper-
ations. Rettenmeier et al. described disassembly technologies for end-of-life automotive
battery packs as a key element of the circular battery value chain, and emphasized that
future disassembly systems must combine safety, flexibility and process efficiency [40].
This supports the idea that collaborative or hybrid configurations may be more realistic
than fully automated systems in the short and medium term.

2.3.3 Main Research Directions in EV Battery Disassembly

The literature on electric vehicle battery disassembly can be organized around several
research directions. A first group of studies focuses on the physical and technological
aspects of disassembly. These works analyze battery structures, disassembly procedures,
tools, fasteners, accessibility and safety requirements. Wu et al. [46] reviewed lithium-ion
battery disassembly for recycling and emphasized the importance of safe and efficient
upstream dismantling. Rettenmeier et al. [40] analyzed battery pack disassembly tech-
nologies from a process-oriented perspective. Kaarlela et al. [25] focused on robotised
disassembly and the requirements for flexible automation. Neri et al. [35] also reviewed
sustainable management of EV battery remanufacturing, showing that disassembly, di-
agnostics and recovery-route selection are closely connected.

A second group focuses on disassembly planning and optimization. These studies
formulate the disassembly process as a sequence planning, scheduling or line balancing
problem. The objective is to determine a feasible and efficient organization of tasks while
respecting precedence relations. For instance, Baazouzi et al. optimized disassembly
strategies for electric vehicle batteries by considering not only the sequence of component
removal, but also the depth of disassembly and the circular economy strategy associated
with each component [3]. This type of work shows that the best disassembly strategy
does not only depend on technical feasibility, but also on economic value and recovery
decisions.

A third group of studies investigates artificial intelligence and data-driven methods
for battery disassembly. Ai et al. [1] reviewed the use of artificial intelligence in electric
vehicle battery disassembly. Li et al. [29] reviewed AI-driven end-of-life electric vehi-
cle battery disassembly and discussed applications such as state-of-health assessment,
sequence planning, robotic perception, decision-making and human–robot collaboration.
These approaches are promising because they can help deal with product heterogeneity
and uncertain end-of-life conditions. However, they also require reliable data, detailed
product information and robust models that can generalize across different battery de-
signs.

Finally, a more recent stream of research focuses on human–robot collaborative dis-
assembly line balancing. In this direction, the problem is no longer limited to finding a
disassembly sequence. It also includes the assignment of tasks to humans, robots or collab-
orative modes, the opening or use of workstations, and the satisfaction of cycle time and
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precedence constraints. This evolution is directly related to the present research, where
the disassembly of several types of batteries is modeled in a human–robot collaborative
line. The deterministic version of the model provides a first structured representation of
the system, while the stochastic extension is introduced later to account for the variability
of human operation times.

2.4 Disassembly Sequence Planning for EV Batteries

Disassembly sequence planning is one of the most studied problems in the field of end-
of-life electric vehicle battery recovery. Its purpose is to determine a feasible and efficient
order for removing components while respecting technological and physical precedence
constraints. In the case of battery packs and modules, this problem is particularly im-
portant because a wrong sequence may increase the disassembly time, reduce the value
of recovered components, create unnecessary tool changes, or even increase safety risks.
Therefore, before dealing with line balancing or resource allocation, many studies first
focus on the construction of a valid and optimized disassembly sequence.

The disassembly sequence planning problem is generally modeled using graphs or
matrices. Components or operations are represented as nodes, while precedence relations,
contact relations or accessibility constraints are represented as arcs or matrix values. Once
this representation is built, the optimization method searches for one or several feasible
sequences according to a given objective. Depending on the study, the objective may
be to reduce disassembly time, maximize recovery profit, reduce tool changes, minimize
energy consumption, or remove hazardous parts as early as possible.

2.4.1 Sequence, Depth, and Circular Strategy Optimization

A relevant contribution in this direction was proposed by Baazouzi et al., who studied
the optimization of disassembly strategies for electric vehicle batteries. Their work is
different from classical sequence planning because it does not only determine the order
of disassembly operations. It also integrates the depth of disassembly and the circular
economy strategy associated with each component. In other words, the model decides
whether the battery should be fully disassembled or whether the process should stop at a
certain level, and it also determines whether each recovered component should be reused,
remanufactured, repurposed or recycled [3].

This contribution is important because complete disassembly is not always the best
option. In some cases, continuing the disassembly process may require more time and cost
than the value recovered from the additional components. The optimal strategy therefore
depends on the condition of the battery and the economic value of its components. This is
particularly relevant for end-of-life batteries, where the state of modules, covers, cooling
systems or electronic parts may vary significantly from one unit to another.

Techno-economic and environmental disassembly planning also follows this logic.
Alfaro-Algaba and Ramirez studied the disassembly planning of lithium-ion electric vehi-
cle battery packs for remanufacturing by considering both profitability and environmental
impact [2]. This type of contribution shows that the decision to continue or stop disas-
sembly should be linked to the value of recovered components, the cost of operations,
and environmental consequences. However, these approaches generally remain focused
on planning or strategy selection rather than on the detailed balancing of a multi-product
collaborative line.
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2.4.2 Graph-Based and Matrix-Based Precedence Representation

Most disassembly sequence planning studies rely on a structured representation of the
product. This representation is necessary because battery components cannot be removed
in any arbitrary order. For example, covers, screws, busbars, sensors or cooling elements
may block access to internal modules. As a result, precedence constraints are required to
describe which operations must be performed before others.

Ke et al. proposed a disassembly sequence planning method for electric vehicle batter-
ies based on a frame-subgroup structure combined with a genetic algorithm. The authors
first construct an improved disassembly relation hybrid graph and a disassembly relation
matrix to represent both precedence and connection relationships between components.
Then, they identify a particular structure called frame-subgroup, where several compo-
nents are connected to a central frame but are relatively independent from each other.
This structure makes it possible to reduce the search space, since several components can
be permuted without violating the disassembly logic [27].

The main advantage of this approach is that it simplifies the optimization process. By
using Cantor expansion, the authors transform the permutation-based sequence problem
into a positive integer representation. This allows the genetic algorithm to manipulate
solutions more easily, with simpler encoding and decoding procedures [27]. However,
the effectiveness of this method depends on the presence of a frame-subgroup structure
in the product. Therefore, it is particularly useful for certain battery architectures, but it
may be less general when the product structure does not contain this type of organization.

Other works also use graph-based representations to handle precedence, accessibility
and tool-related constraints. Zhan et al. developed an environment-oriented disassem-
bly planning approach for end-of-life vehicle batteries based on a hybrid graph and an
improved Northern Goshawk Optimization algorithm [53]. Meng et al. proposed a
priority-constraint-graph-based method for lithium battery pack disassembly sequence
optimization, considering criteria such as turns, tool changes and sequence rationality
[32]. These studies confirm that graph and matrix representations remain central in bat-
tery disassembly planning.

Graph-based and matrix-based representations are also useful because they provide a
direct link between the physical structure of the battery and the mathematical optimization
model. This idea is important for the present research, since the proposed model also
relies on precedence information to guarantee feasible task assignment and sequencing.
However, unlike pure sequence planning studies, the present work does not stop at
finding an order of component removal. It also considers stations, human and robotic
resources, execution modes, and line capacity constraints.

2.4.3 Risk-Aware and Environment-Oriented Sequence Planning

Because battery disassembly involves high-voltage components and potentially haz-
ardous materials, several authors have introduced risk and environmental criteria into
sequence planning. Zhan et al. minimized the hazard index and energy consumption for
end-of-life vehicle batteries, showing that the best sequence is not necessarily the fastest
one, but the one that better balances safety and energy performance [53]. Yang et al. pro-
posed an integrated risk-aware smart disassembly planning approach for scrap electric
vehicle batteries, considering recovery profit, energy consumption and risk in the same
planning framework [50].

These contributions are important because they show that battery disassembly cannot
be evaluated only by feasibility or processing time. A sequence that removes risky
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components early may be preferable even if it is not the shortest sequence. Similarly,
reducing tool changes or unnecessary manipulations can improve operational safety and
reduce energy use. Nevertheless, these works generally remain focused on sequence
planning for one battery type, while the present research focuses on line balancing and
resource allocation for several battery types.

2.4.4 Knowledge-Based and AI-Based Sequence Planning

More recent studies have started to use artificial intelligence and knowledge-based rep-
resentations to improve disassembly sequence planning. This evolution is motivated by
the fact that battery disassembly involves heterogeneous information: components, tools,
connection types, risks, operation times, accessibility relations and possible recovery op-
tions. Classical precedence matrices can represent the order constraints, but they may not
capture all the semantic relations between battery elements.

Yin et al. proposed a sequential disassembly planning approach based on knowledge
graph and graph isomorphism network for supporting power battery remanufacturing.
Their framework combines TransH knowledge graph embedding, Graph Isomorphism
Network and MOEA/D to learn complex relations between battery components, tools and
disassembly operations [51]. The use of a knowledge graph allows the model to represent
richer information than a simple precedence matrix, while the graph neural network helps
to learn structural dependencies in the disassembly process.

This type of approach is promising because it can support more adaptive and information-
rich disassembly planning. It may be especially useful when the same system must deal
with different battery structures or when product information needs to be updated. How-
ever, such methods often require detailed data and a more complex computational frame-
work. For this reason, they are still difficult to apply directly in a simple mathematical
model intended to define a first optimization framework.

2.4.5 Limits of Sequence Planning Approaches

Although disassembly sequence planning is an essential research direction, it does not
cover the whole decision problem faced in a disassembly line. A sequence gives the order
in which operations should be performed, but it does not necessarily specify how tasks
are assigned to stations, whether a task is performed by a human, a robot or both, or how
the workload is balanced across the line. In other words, sequence planning is necessary,
but not sufficient when the objective is to design or operate a complete disassembly line.

Another limitation is that many sequence planning studies focus on a single battery
type. The case study usually concerns one specific battery pack or module, such as an
Audi, Tesla, Volkswagen or another battery architecture. This allows a detailed analysis
of the product, but it does not fully represent the situation of industrial treatment centers,
where several battery types may arrive and need to be processed using the same resources.

A further limitation concerns the deterministic nature of many models. Operation
times, costs, energy consumption and risks are often assumed to be known in advance.
This assumption simplifies the optimization problem, but it does not fully reflect end-of-
life battery disassembly, where the same operation may take different times depending
on the condition of the battery, the accessibility of fasteners, corrosion, deformation or
operator performance. This is one of the reasons why the present research first develops a
deterministic model as a structured baseline, and then extends it into a stochastic version
where uncertainty is introduced through human operation times.
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2.5 Disassembly Line Balancing for EV Batteries

Disassembly sequence planning provides the order in which the components of a product
should be removed. However, when the objective is to organize an industrial disassembly
system, the sequence alone is not sufficient. The decision-maker must also determine how
the tasks are distributed among workstations, which resources are assigned to each work-
station, and how the workload is balanced along the line. This leads to the disassembly
line balancing problem, which is a natural extension of classical assembly line balancing
to end-of-life products.

In a disassembly line balancing problem, a set of disassembly tasks must be assigned
to workstations while respecting precedence constraints and a given cycle time. The
aim is usually to obtain an efficient line configuration by reducing idle times, limiting the
number of workstations, improving workload balance, reducing cost, or increasing safety.
In the context of electric vehicle batteries, this problem becomes more complex because
some tasks are hazardous, some require human flexibility, and others may be suitable for
robotic execution. Therefore, task assignment cannot be based only on processing time;
it must also consider the nature of the operation and the compatibility between tasks and
resources.

2.5.1 From Sequence Planning to Line Balancing

The transition from disassembly sequence planning to disassembly line balancing rep-
resents an important step toward practical implementation. While sequence planning
determines a feasible order of operations, line balancing transforms this order into a pro-
duction organization. It defines which tasks are performed at each station and ensures
that the total workload assigned to a station does not exceed the cycle time. This is partic-
ularly important when the disassembly process is repeated for several batteries and must
be organized as a line rather than as a single isolated operation.

For electric vehicle batteries, line balancing has been studied to improve the efficiency
and safety of module or pack disassembly. Wu et al. proposed a cell-level disassembly
line balancing model for waste power battery modules in a human–machine hybrid
mode. In their work, tasks are classified according to their characteristics: hazardous
tasks are assigned to robots, complex tasks are assigned to humans, and ordinary tasks
can be assigned to either humans or robots [48]. This classification is important because
it introduces a practical link between the physical nature of the disassembly task and the
resource that should perform it.

Their model considers a line composed of manual and robotic workstations, and the
balancing problem is solved using NSGA-II. Although the study focuses on a specific
battery module, it shows that battery disassembly line balancing cannot be treated as a
classical line balancing problem. The presence of hazards, task complexity and resource
compatibility must be explicitly integrated into the decision process [48]. This idea is also
relevant for the present work, where each task can be performed in a specific execution
mode: human, robot, or human–robot collaboration.

2.5.2 Manual, Robotic, Hybrid and Collaborative Workstations

A key issue in battery disassembly line balancing is the choice of workstation type. In
a purely manual line, all tasks are performed by human operators. This configuration
offers flexibility, but it exposes workers to safety risks and may lead to high variability
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in operation times. In a robotic line, tasks are performed by robots, which can improve
safety for dangerous operations but may have difficulty dealing with product variability
and unexpected conditions. Hybrid or collaborative configurations aim to combine the
advantages of both resources.

Wu et al. introduced a human–machine hybrid mode where human and robotic
workstations coexist in the same disassembly line [48]. This approach is useful because
it avoids assigning all operations to one type of resource. Instead, each task is directed
toward the most suitable resource according to its difficulty and hazard level. However,
in this type of hybrid system, a task is generally assigned either to a human or to a robot,
and the collaboration between the two resources is not always modeled as a simultaneous
execution mode.

Human–robot collaborative disassembly goes further by considering that some op-
erations may require the simultaneous intervention of a human and a robot. Chu and
Chen proposed a human–robot collaboration disassembly planning model for end-of-life
power batteries [12]. Zhang et al. also studied a multi-objective human–robot collabora-
tion disassembly planning approach for retired power batteries based on entropy-weight
fuzzy hierarchical analysis and a differential evolution algorithm [58]. These contribu-
tions show that human–robot cooperation can improve the feasibility and efficiency of
battery disassembly when tasks are properly assigned.

More recently, Qin et al. studied a multiple product hybrid disassembly line balancing
problem with human–robot collaboration [39]. This work is particularly relevant because
it introduces the multi-product dimension into a human–robot collaborative disassembly
line. The authors consider several product types and integrate task assignment, station
assignment and resource decisions in the same framework. Their contribution confirms
that the multi-product dimension is becoming increasingly important in disassembly line
balancing, since real recovery facilities rarely process only one product type.

2.5.3 Line Configuration and Operational Performance

Some studies focus on the physical configuration of the dismantling line. Mao et al.
optimized dismantling lines for used electric vehicle battery packs by comparing unilateral
and symmetric bilateral line configurations [31]. Their model considers the number of
workstations, idle time, risk and disassembly cost. This contribution is useful because it
shows that the line layout itself can affect operational performance. However, the present
research does not focus on comparing physical layouts. It focuses on the assignment of
tasks, stations, resources and execution modes in a multi-product collaborative line.

Other line balancing works introduce remanufacturing demand, hazard characteris-
tics, destructive operations or environmental constraints. Zhu et al. studied a multi-
objective human–robot collaborative disassembly line balancing problem considering
component remanufacturing demand and hazard characteristics [61]. These contribu-
tions confirm that realistic disassembly line balancing increasingly considers more than
simple workload distribution. Nevertheless, adding many objectives or operational fea-
tures can make the model more difficult to interpret and solve.

2.5.4 Cost-Oriented and Performance-Oriented Line Balancing Criteria

The objectives considered in disassembly line balancing vary from one study to another.
Some authors focus on minimizing the number of workstations or reducing idle time in
order to improve line efficiency. Others include cost, risk, energy consumption, profit
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or environmental indicators. In battery disassembly, safety and cost are particularly
important because the process involves hazardous operations and expensive resources.

In the model proposed by Wu et al. [48], several criteria are considered, including the
number of workstations, workload balance, the number of human workers and disassem-
bly cost. Zhan et al. [53] considered hazard and energy indicators in environment-oriented
sequence planning. Mao et al. [31] included workstation number, idle time, risk and disas-
sembly cost when comparing dismantling line configurations. Zhu et al. [60] considered
stochastic and sequence-dependent effects in disassembly line balancing. This reflects the
fact that a good disassembly line must be efficient, safe and economically acceptable at
the same time. However, including many objectives may make the model more difficult
to interpret and solve. In industrial applications, it may also be useful to aggregate the
main economic components into a single objective function, especially when the purpose
is to obtain a clear and operational decision.

The present work follows this cost-oriented perspective. Instead of formulating the
problem as a multi-objective model, it uses a mono-objective economic formulation. The
objective is to minimize a total cost that includes station opening costs and task execution
costs. In the stochastic extension, an expected recourse cost is also added to penalize
possible overloads of workstations under uncertain human operation times. This choice
makes it possible to keep a clear optimization criterion while still representing important
operational decisions.

2.6 Human–Robot Collaboration in Battery Disassembly

The disassembly of end-of-life electric vehicle batteries requires both flexibility and safety.
Human operators are able to adapt to product variability, unexpected damage, missing
information and complex manual operations. Robots, on the other hand, are more suitable
for repetitive, heavy, precise or hazardous tasks. For this reason, human–robot collab-
oration has become an important research direction in battery disassembly. It offers an
intermediate solution between fully manual disassembly, which exposes workers to risks,
and full automation, which remains difficult because of the diversity and uncertainty of
end-of-life battery packs.

Several studies emphasize that full automation of battery disassembly is still chal-
lenging. Battery packs differ in architecture, fastening methods, cooling systems, module
arrangement and accessibility. In addition, the condition of end-of-life batteries may
be uncertain, especially when batteries have been damaged, aged or exposed to harsh
operating conditions. Villagrossi and Dinon showed that robotic systems are promising
for sustainable battery remanufacturing, but they also pointed out that robotized disas-
sembly must deal with product variability, perception issues and complex manipulation
tasks [44]. Kaarlela et al. reached a similar conclusion in their review of robotised electric
vehicle battery disassembly, noting that flexible automation requires adaptable tooling,
safe control, and reliable information about the product structure [25].

Human–robot collaboration is therefore not only a technological choice, but also a
modeling issue. The disassembly system must decide which tasks are performed by hu-
mans, which tasks are performed by robots, and which tasks require cooperation between
the two resources. These decisions affect safety, workload balance, station configuration,
cycle time feasibility and economic performance. In this context, the mathematical model
must represent not only the precedence relations between tasks, but also the compatibility
between each task and each execution mode.
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2.6.1 From Human–Machine Hybrid Systems to Real Collaboration

In the literature, it is important to distinguish between human–machine hybrid systems
and real human–robot collaboration. In a hybrid system, humans and robots may coexist
in the same line, but each task is generally assigned to either a human or a robot. In this
case, the two resources are used separately. In a collaborative system, some tasks can be
performed jointly by a human and a robot, which means that both resources are required
at the same time for the same operation.

Wu et al. proposed a human–machine hybrid disassembly line balancing model for
waste power battery modules [48]. In their model, hazardous tasks are assigned to robots,
complex tasks are assigned to humans, and ordinary tasks can be assigned to either type
of workstation. This classification is useful because it reflects the practical differences
between task categories. However, the model mainly represents a hybrid allocation logic,
where tasks are distributed between human and robotic stations, rather than a fully
collaborative execution mode.

Chu and Chen went further by studying human–robot collaboration disassembly plan-
ning for end-of-life power batteries [12]. Their work explicitly considers collaborative
disassembly and shows how task allocation and sequencing can be organized when hu-
mans and robots are both involved in the process. Gao et al. proposed a partially
observable deep reinforcement learning approach for multi-agent strategy optimization
in human–robot collaborative battery disassembly [16]. These works show that HRC bat-
tery disassembly can be approached either through mathematical optimization or through
learning-based decision-making.

2.6.2 Task Classification in HRC Disassembly

A central element in HRC disassembly models is the classification of tasks. In battery
disassembly, not all operations have the same level of risk, complexity or automation
potential. Some tasks are hazardous because they involve high-voltage components,
unstable cells or dangerous materials. These tasks are often more suitable for robotic
execution in order to reduce operator exposure. Other tasks are complex because they
require perception, dexterity, adaptation or decision-making. These tasks may remain
more appropriate for human operators. Finally, some tasks are ordinary or flexible and
can be performed either by a human or by a robot, depending on the line configuration.

The classification proposed by Wu et al. is based on this logic, with hazardous tasks,
complex tasks and ordinary tasks [48]. This classification makes the task assignment
decision more realistic than a simple time-based allocation. It also shows that safety and
task nature must be integrated into disassembly planning. In the same direction, Chu
and Chen considered task categories compatible with human execution, robot execution
or collaboration [12]. These categories help define the feasible execution modes of each
task.

The present research follows this idea by classifying battery disassembly tasks into four
groups: human-only tasks, robot-only tasks, collaborative human–robot tasks, and normal
tasks that can be performed either by a human or by a robot. This classification makes it
possible to represent both technological restrictions and operational flexibility. Human-
only tasks correspond to operations that require human dexterity or judgment. Robot-only
tasks correspond to operations that are dangerous or better suited to automated execution.
Collaborative tasks require both resources simultaneously. Normal tasks remain flexible
and can be assigned to the most suitable resource according to the optimization result.
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This classification is particularly important in a mono-objective cost-oriented model.
Since the model minimizes a global economic cost, it must still respect the feasible execu-
tion modes of each task. In other words, the cost minimization cannot assign a hazardous
task to a human-only mode if the task is defined as robot-only, and it cannot assign a
collaborative task to a station that does not contain both a human and a robot. Therefore,
task classification is not only descriptive; it directly shapes the feasible solution space of
the optimization model.

2.6.3 Synchronization and Resource Constraints in Collaborative Sta-
tions

When a task is performed in collaboration, the model must ensure that the human and the
robot are available at the same station and during the same time interval. This creates a
synchronization requirement that does not exist in purely manual or purely robotic tasks.
A collaborative operation cannot start if only one of the two resources is available. It also
blocks both resources during its execution. Therefore, collaborative tasks increase the
complexity of the scheduling and line balancing problem.

In HRC disassembly planning, this synchronization is usually handled through re-
source constraints and non-overlapping constraints. If two tasks use the same human
resource in the same station, they cannot overlap. The same rule applies to robotic re-
sources. For collaborative tasks, both sets of constraints are activated at the same time,
because the task uses both the human and the robot. Chu and Chen highlighted the im-
portance of such constraints in human–robot collaborative battery disassembly planning
[12]. Qin et al. also considered human–robot collaboration in a multiple product disas-
sembly line balancing framework, where the availability of resources and the assignment
of tasks to workstations are jointly considered [39].

These modeling aspects are directly related to the present work. The proposed de-
terministic model assigns each task to a station and to one execution mode. If the task
is collaborative, the station must contain both a human and a robot. In addition, tasks
sharing the same human or robotic resource in the same station cannot overlap. This
ensures that the planning remains physically feasible. In the stochastic extension, the
same first-stage assignment decisions are kept, but the execution times of human tasks
vary according to scenarios. This makes the synchronization and resource feasibility even
more important, because the human workload may change from one scenario to another.

2.6.4 Learning-Based HRC and Remaining Implementation Issues

Recent studies also explore reinforcement learning and multi-agent learning for disas-
sembly systems. Guo et al. reviewed reinforcement learning applications for disassembly
system optimization, including sequence planning, line balancing and human–robot col-
laboration [20]. Gao et al. modeled HRC battery disassembly as a partially observable
multi-agent decision problem and used deep reinforcement learning to optimize collab-
orative strategies [16]. These works are promising because they can handle dynamic
decisions and incomplete information.

However, learning-based methods often require a simulation environment, large
amounts of training data and careful definition of states, actions and rewards. This
can make them difficult to use as a first modeling framework when the goal is to clearly
formulate the structure of the optimization problem. For this reason, the present research
focuses first on mathematical modeling. The deterministic model defines the structural
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decisions, and the stochastic extension introduces uncertainty in human operation times.
A metaheuristic solution method can then be developed to solve larger instances without
requiring a full learning environment.

2.7 Uncertainty in Disassembly Planning

Most disassembly planning and line balancing models are first formulated in a determin-
istic way. In these models, operation times, costs, resource requirements and precedence
relations are assumed to be known in advance. This assumption is useful because it makes
the problem easier to formulate and solve. It also provides a clear baseline for under-
standing the structure of the disassembly system. However, in real end-of-life product
recovery, and especially in electric vehicle battery disassembly, several parameters are
uncertain.

The deterministic assumption becomes particularly restrictive when dealing with used
batteries. Two batteries of the same model may not require exactly the same disassembly
time, because their condition depends on their usage history, degradation level, accident
history, corrosion, deformation, residual charge, or the state of fasteners and connectors.
Therefore, a deterministic model can provide an initial feasible organization of the line,
but it may not fully represent the variability observed in practice. This is why uncertainty
modeling has become an important research direction in disassembly planning.

2.7.1 Sources of Uncertainty in End-of-Life Battery Disassembly

The main source of uncertainty in battery disassembly is the condition of the returned
product. Unlike new products in assembly systems, end-of-life batteries arrive after
several years of use and may have experienced different operating conditions. Some
batteries may be intact, while others may be damaged, corroded, deformed or partially
degraded. These differences directly affect the difficulty of disassembly operations.

Operation times are therefore among the most uncertain parameters. For example,
removing a cover, disconnecting a cable, unscrewing fasteners or extracting a module
may take more time than expected if the component is blocked, damaged or difficult to
access. Human operation times are especially variable because they depend not only
on the product condition, but also on the operator’s experience, fatigue, judgment and
adaptation to unexpected situations. This variability is one of the reasons why manual
disassembly remains flexible but difficult to standardize.

Uncertainty may also affect safety and resource assignment. A task that is normally
simple may become risky if the battery is damaged or if a component is not accessible in the
expected way. Similarly, a task initially planned for human execution may require robotic
assistance if the risk level increases. Villagrossi and Dinon [44] pointed out that product
variability remains a major barrier for robotized battery pack disassembly. Kaarlela et
al. [25] also emphasized the need for adaptable tooling and reliable product information
in robotised battery disassembly. Li et al. [29] highlighted that AI-driven disassembly
still depends on reliable data and robust decision-making methods. These observations
justify the need for models that can move beyond fixed deterministic parameters.
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2.7.2 Fuzzy, Stochastic, and Scenario-Based Approaches

Several modeling approaches have been proposed in the literature to represent uncertainty
in disassembly and remanufacturing systems. A first approach consists of using fuzzy
numbers. In this case, operation times are not represented by a single fixed value, but
by an interval or a triangular fuzzy number. This allows the model to describe uncertain
task durations when exact probability distributions are not available. Yuan et al. used
fuzzy processing times in a capacitated multi-objective disassembly scheduling problem,
showing that fuzzy modeling can be useful when disassembly durations are imprecise
rather than exactly random [52].

A second approach is stochastic modeling. Here, uncertain parameters are represented
by probability distributions. Operation times may follow normal, uniform or other dis-
tributions depending on the available data and assumptions. Fu et al. studied stochastic
multi-objective integrated disassembly–reprocessing–reassembly scheduling with pro-
cessing times following normal distributions [15]. This type of work is important because
it shows that uncertainty should be considered not only in isolated disassembly tasks, but
also in integrated remanufacturing systems.

A third approach is scenario-based optimization. Instead of solving the problem for
one deterministic value of each parameter, several scenarios are generated. Each scenario
represents one possible realization of uncertain operation times. The optimization model
then searches for a solution that performs well over all scenarios, or in expectation. This
approach is particularly useful when uncertainty affects the processing times but the main
structural decisions, such as task assignment and station opening, must be made before
the real condition of the product is fully known.

This scenario-based logic is consistent with the present research. The deterministic
model is first used to define the basic structure of the multi-product human–robot collab-
orative disassembly line. Then, the stochastic extension introduces uncertainty in human
operation times. The first-stage decisions, such as station opening, task assignment, exe-
cution mode and resource allocation, remain common to all scenarios. The second-stage
variables, such as task starting times, finishing times and recourse variables, are scenario-
dependent.

2.7.3 Stochastic Disassembly Line Balancing Models

In the context of human–robot collaborative disassembly, Guo et al. studied a disassembly
line balancing problem with stochastic operation times and proposed a solution based on
a multi-objective shuffled frog leaping algorithm [21]. Their work is important because it
directly recognizes that operation times in HRC disassembly are not always deterministic.
It also shows that stochastic task durations can significantly influence the balancing of the
line and the quality of the obtained solutions.

Other stochastic disassembly line balancing studies consider uncertain task times,
energy consumption or sequence-dependent effects. Zhu et al. proposed a stochastic
sequence-dependent disassembly line balancing problem and solved it using a multi-
objective adaptive large neighbourhood search algorithm [60]. Their work accounts for
uncertain operation times and sequence-dependent effects, which makes the planning
problem closer to real end-of-life conditions. Zhang et al. studied an energy-oriented
stochastic disassembly line balancing problem where task times and energy consumption
are random and the objective is to reduce total energy consumption [57]. Wu et al.
proposed a hybrid evolutionary algorithm for a stochastic HRC disassembly line balancing
problem considering carbon emission optimization [47]. These works support the idea
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that deterministic processing times are often insufficient for realistic disassembly line
design.

The stochastic extension of the present work follows this idea, but with a mono-
objective economic formulation. Instead of treating the stochastic problem as a multi-
objective optimization problem, the model minimizes a total expected cost. This cost
includes station opening costs, task execution costs and an expected recourse cost associ-
ated with possible station overloads in the scenarios. In this way, the uncertainty is not
ignored, but it is translated into an economic penalty.

The recourse mechanism is an important modeling choice. In the deterministic model,
each opened station must respect the cycle time as a strict capacity constraint. In the
stochastic version, the station load may exceed the cycle time in some scenarios, but only
within a bounded margin and with a penalty cost. This makes the model less rigid and
closer to real operational conditions. Instead of forcing the line to be feasible for the worst
possible realization of all human times, the model allows limited deviations and penalizes
them economically.

2.7.4 Limits of Existing Stochastic Approaches

Although uncertainty has been increasingly considered in disassembly planning, several
limitations remain. First, many stochastic or fuzzy models are still developed for general
products rather than for electric vehicle batteries. As a result, they do not always include
battery-specific constraints such as hazardous operations, high-voltage components, or
human–robot collaboration.

Second, stochastic models often focus on one product type. This limits their applica-
bility in real recovery centers, where several battery types may be processed on the same
line. Each battery type has its own tasks, precedence relations, durations and resource
requirements. Therefore, combining uncertainty with a multi-product structure remains
a relevant research direction.

Third, many existing studies use uncertainty mainly to evaluate or compare solutions,
while the integration of uncertainty into the economic structure of the model is less
frequent. In practical terms, uncertainty should not only be treated as a technical variation,
but also as a cost-related issue. Delays, overloads, additional labor time or operational
disruptions can all generate economic consequences.

For these reasons, the present work adopts a progressive modeling strategy. A deter-
ministic mono-objective model is first developed in order to define the basic assignment,
station opening and resource allocation decisions. Then, a stochastic scenario-based model
is introduced to better represent the variability of human operation times. This extension
keeps the same structural decisions across scenarios, while allowing scenario-dependent
scheduling and bounded recourse on station loads. This approach makes it possible to
preserve the clarity of the deterministic model while improving its realism.

2.8 Multi-Product Disassembly Lines

Most studies on electric vehicle battery disassembly focus on a single battery pack or a
single battery module. This choice is understandable because each battery type has its
own structure, components, fastening methods and precedence relations. Working on
one product makes it possible to describe the disassembly process in detail and to build
a specific graph or matrix of precedence constraints. However, in real recovery facilities,
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end-of-life batteries do not necessarily belong to the same model. A dismantling center
may receive several battery types with different architectures, operation times and safety
requirements. This industrial reality motivates the study of multi-product disassembly
lines.

A multi-product disassembly line is more complex than a single-product line because
the model must handle several task sets and several precedence structures at the same
time. Each product has its own disassembly graph, but the products may share the same
stations, operators, robots and cycle time. Therefore, the optimization problem must
determine how the tasks of different products are assigned to the available workstations
while preserving the technological logic of each product. This makes the problem closer to
a mixed or multi-model production environment, but with additional difficulties related
to end-of-life uncertainty, product condition and safety constraints.

2.8.1 Motivation for Multi-Product Disassembly

The need for multi-product modeling is particularly clear in the case of electric vehicle
batteries. Battery packs are not standardized across manufacturers. Their internal struc-
ture depends on the cell format, the module arrangement, the cooling system, the type
of enclosure, the fastening technologies and the electrical connections. Kampker et al.
showed that battery system architectures can be classified according to several structural
and functional characteristics, which confirms the high diversity of battery pack designs
[26]. This diversity directly affects disassembly planning because a task sequence defined
for one battery type cannot be applied automatically to another one.

From an operational point of view, treating each battery type with a completely sepa-
rate line would not always be economically feasible. It would require several dedicated
infrastructures, each designed for a specific battery model. A more flexible approach
consists of using the same line to process different battery types, while adapting the task
assignment and execution modes according to each product. This is why multi-product
disassembly planning is important for future battery recovery systems.

Multi-product disassembly also creates an important modeling challenge. If each
battery type has a different number of tasks and different precedence relations, the model
must keep the identity of each product. It is not possible to merge all tasks into a single
generic sequence without losing the technological structure of each battery. Therefore,
the product index becomes essential in the mathematical formulation. This idea is also
adopted in the present research, where each battery type has its own task set, precedence
matrix and operation times.

2.8.2 Multi-Product Modeling Approaches

In the broader disassembly literature, Ehm proposed a scheduling and process planning
model for dismantling systems with flexible disassembly modes and recovery levels [14].
This type of work is useful because it shows how disassembly decisions can be formulated
for systems where different products or recovery requirements must be considered. The
model integrates the selection of disassembly operations, the choice of recovery level and
the scheduling of tasks, which makes it relevant for studying more realistic end-of-life
product recovery systems.

For electric vehicle batteries, Qin et al. studied a multiple product hybrid disassembly
line balancing problem with human–robot collaboration [39]. Their work is one of the
closest contributions to the present research because it explicitly combines a multi-product
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setting with human–robot resources. In such a framework, the line must process several
products while deciding how tasks are distributed among stations and resources. This
confirms that the combination of multi-product disassembly and HRC is a recent and
relevant research direction.

A common way to represent several products is to keep a separate precedence structure
for each product. Each battery type is described by its own precedence matrix or graph.
Then, the optimization model uses a product index to distinguish the tasks and constraints
associated with each battery type. This approach avoids creating artificial precedence
relations between tasks belonging to different products. In the present work, this modeling
logic is adopted by defining a task set for each product and by formulating precedence
constraints separately for each battery type.

The use of product proportions or product weights is also important in multi-product
disassembly. In a real treatment center, all battery types may not arrive with the same
frequency. Some types may represent a larger share of the incoming flow, while others
may be less frequent. For this reason, a multi-product model can use product weights
to represent the product mix. This allows the objective function to reflect the relative
importance of each battery type in the overall system. In the present deterministic model,
the execution cost of tasks is weighted by the proportion of each product type in the
product mix.

2.8.3 Destructive Operations, Parallel Layouts and Industrial Exten-
sions

Recent multi-product studies extend the classical disassembly line balancing problem by
adding destructive operations, preventive maintenance, parallel layouts or environmen-
tal criteria. Zhang et al. studied reliability and efficiency optimization of multi-product
disassembly lines with destructive operations and preventive maintenance [59]. Guo et
al. proposed an industrial application of a human–robot collaborative parallel two-sided
destructive disassembly line balancing problem in multi-product and multi-line layouts
[19]. Liang et al. developed a multi-product disassembly line balancing optimization
method aiming at high disassembly profit and low energy consumption with noise pol-
lution constraints [30].

These works confirm that the multi-product dimension is increasingly considered in
disassembly line balancing. They also show that realistic industrial systems may require
additional features such as destructive modes, environmental constraints, maintenance
planning or parallel line structures. However, most of these contributions are not specifi-
cally focused on electric vehicle batteries or do not integrate stochastic human operation
times. They are therefore useful for understanding the broader evolution of multi-product
disassembly, but they do not fully cover the positioning of the present thesis.

2.8.4 Multi-Product HRC and Remaining Limitations

Although the multi-product dimension is important, it is still less developed than single-
product disassembly planning in the battery literature. Many studies optimize the disas-
sembly of one battery pack or one module, such as a Tesla, Audi or Volkswagen battery.
These studies are useful because they provide detailed product-level models, but their
results are strongly linked to the selected case study. When the battery type changes, the
precedence graph, task durations and feasible execution modes may also change.
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The work of Qin et al. represents an important step toward multi-product human–
robot disassembly line balancing [39]. However, the combination of multi-product mod-
eling, human–robot collaboration and uncertainty remains limited in the literature. In
particular, many models still rely on deterministic task durations. This assumption sim-
plifies the formulation, but it does not fully represent the variability of human disassembly
operations in end-of-life battery treatment.

Another limitation concerns the objective structure. Existing studies often use several
performance criteria such as number of stations, workload balance, cost, risk or energy.
These criteria are relevant, but a multi-objective formulation may produce a set of compro-
mise solutions that require an additional decision-making step. In contrast, the present
work adopts a mono-objective economic formulation. This choice makes the decision
criterion clearer by aggregating the main cost components into a single objective func-
tion. The deterministic version minimizes station opening and execution costs, while the
stochastic version adds an expected recourse cost associated with station overloads under
uncertain human operation times.

Therefore, multi-product disassembly lines represent a key research direction for re-
alistic battery recovery systems. They make it possible to move from product-specific
case studies toward a more general decision framework. The present research builds
on this idea by considering several battery types in the same human–robot collaborative
line. Each product keeps its own disassembly structure, but all products share the same
potential stations and resources. This allows the model to represent a more flexible and
industrially relevant disassembly system.

2.9 Synthesis of the Literature and Research Gap

The reviewed literature shows that disassembly planning for end-of-life electric vehicle
batteries has become an active research topic. Existing studies address the problem from
different angles, including disassembly sequence planning, disassembly line balancing,
human–robot task allocation, robotic disassembly, stochastic modeling, risk-aware plan-
ning and energy-oriented optimization. These contributions provide a strong foundation
for understanding how battery disassembly can be organized and optimized. However,
they also show that several important dimensions are still rarely integrated within the
same framework.

2.9.1 Main Trends Identified in the Literature

A first important trend is the use of structured product representations. Most studies rely
on precedence graphs, hybrid disassembly graphs, priority matrices or relation matrices
to represent the logical and physical constraints between components. Baazouzi et al.
[3] used precedence relations to optimize disassembly strategy and disassembly depth.
Ke et al. [27] used a hybrid graph and a relation matrix to represent battery component
dependencies. Zhan et al. [53] relied on a hybrid disassembly graph for environment-
oriented sequence planning. Yin et al. [51] introduced a knowledge graph and a graph
neural network to represent richer relations between components, tools and operations.
These works show that structured representations are essential for generating feasible
disassembly plans.

A second trend concerns the increasing use of heuristic and metaheuristic methods.
Battery disassembly planning problems are generally combinatorial and difficult to solve
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exactly when the number of tasks increases. Wu et al. [48] used NSGA-II for a cell-
level battery module disassembly line balancing problem. Chu and Chen [12] proposed
an optimization approach for HRC battery disassembly planning. Guo et al. [21] used
a multi-objective shuffled frog leaping algorithm for stochastic HRC disassembly line
balancing. Zhu et al. [60] proposed a multi-objective adaptive large neighbourhood
search algorithm for a stochastic sequence-dependent DLBP. Wu et al. [47] developed a
hybrid evolutionary algorithm for a stochastic HRC disassembly line balancing problem.
This observation is important for the present work, since the proposed mathematical
model is expected to become difficult to solve exactly for larger multi-product instances.
It therefore supports the development of a metaheuristic solution approach for the larger
cases considered after the exact modelling phase.

A third trend is the growing interest in human–robot collaboration. Villagrossi and
Dinon [44] showed that robotics can support battery pack disassembly but that full au-
tomation remains limited by variability. Kaarlela et al. [25] reached a similar conclusion
in their review of robotised battery disassembly. Chu and Chen [12] explicitly modeled
human–robot collaboration for end-of-life power batteries. Qin et al. [39] extended this
direction to a multiple product hybrid disassembly line balancing problem with HRC.
These works show that HRC is a realistic intermediate solution between fully manual and
fully automated disassembly.

A fourth trend is the progressive consideration of uncertainty. Many early models
assume deterministic operation times, costs and resource requirements. However, end-
of-life battery disassembly is strongly affected by variability. Fu et al. [15] modeled
stochastic processing times in an integrated remanufacturing scheduling problem. Yuan
et al. [52] used fuzzy processing times when precise probability distributions were not
available. Guo et al. [21] considered stochastic operation times in HRC disassembly line
balancing. Zhu et al. [60] introduced stochastic and sequence-dependent effects in DLBP.
Zhang et al. [57] studied stochastic task times and energy consumption in an energy-
oriented DLBP. These works justify the transition from a deterministic formulation to a
stochastic one when human operation times are uncertain.

A fifth trend is the expansion of performance criteria. Many articles consider time, cost,
risk, energy, profit, environmental impact, remanufacturing demand or carbon emissions.
This diversity shows that disassembly is a multi-dimensional problem. However, it also
means that the decision-maker often needs to select one final solution among several
compromises. The present thesis does not ignore this richness, but it chooses a mono-
objective economic formulation in order to keep the model clear and operational.

2.9.2 Main Limitations

Despite these advances, several limitations remain. The first limitation is the predomi-
nance of single-product case studies. Most works focus on one specific battery pack or
module, such as a Tesla, Audi or Volkswagen battery. This allows a detailed modeling of
the selected product, but it does not fully represent industrial dismantling centers, where
several battery types may be received and processed using the same resources. In practice,
battery architectures vary significantly across manufacturers and vehicle models, which
makes the multi-product dimension essential [26].

The second limitation is the frequent use of deterministic data. In many studies,
operation times are assumed to be fixed and known in advance. This assumption is
useful for building a first model, but it does not fully reflect the real variability of end-
of-life batteries. Human disassembly times are especially uncertain because operators
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must adapt to the actual condition of each battery. Therefore, a deterministic model can
be considered as a necessary baseline, but it should be extended when the objective is to
better represent real operating conditions.

The third limitation concerns the integration of human–robot collaboration with other
realistic dimensions. Several works study HRC battery disassembly, but they often remain
focused on one product type or deterministic operation times. On the other hand, some
works introduce multi-product or stochastic aspects, but without fully integrating col-
laborative human–robot execution modes. As a result, the combination of multi-product
disassembly, human–robot collaboration and stochastic human operation times remains
insufficiently explored.

The fourth limitation is related to the objective structure. Many studies formulate
the problem as a multi-objective optimization problem, considering criteria such as time,
risk, energy, number of stations or cost. These criteria are relevant, but they may lead
to a set of Pareto solutions that require an additional selection step. In contrast, an
economic mono-objective formulation can be useful when the aim is to provide a clear
operational decision. By aggregating station opening costs, task execution costs and,
in the stochastic case, recourse costs, the decision-maker obtains a single criterion that
remains interpretable from an industrial point of view.

2.9.3 Positioning of the Present Research

Based on these observations, the present research is positioned at the intersection of
multi-product disassembly line planning, human–robot collaborative task allocation and
stochastic modeling of human operation times. The first step of the work consists in
developing a deterministic mono-objective optimization model. This model defines the
basic structure of the problem by assigning tasks of several battery types to stations and
execution modes, while respecting precedence constraints, resource compatibility and
cycle time limitations.

The deterministic model is useful because it provides a clear and rigorous formulation
of the system. It allows the main decisions to be represented in a structured way: opening
stations, assigning human and robotic resources, selecting execution modes, and organiz-
ing tasks under precedence constraints. However, this deterministic version is only a first
approximation of the real disassembly process. Since end-of-life battery disassembly is
affected by uncertain human operation times, the model is then extended to a stochastic
scenario-based formulation.

In the stochastic extension, the structural decisions remain common to all scenarios,
while scheduling decisions and station overload recourse variables become scenario-
dependent. This makes it possible to account for the variability of human disassembly
times without completely changing the structure of the deterministic model. The stochas-
tic formulation also introduces a bounded recourse mechanism, allowing limited station
overloads under uncertainty while penalizing them economically.

Therefore, the contribution of this work is positioned around a progressive optimiza-
tion framework for multi-product human–robot collaborative battery disassembly. The
deterministic model provides the exact reference, the stochastic extension improves the
representation of uncertain human operation times, and the combinatorial complexity of
the problem motivates the use of a metaheuristic solution method for larger instances.
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2.10 Conclusion

This chapter reviewed the main research works related to disassembly planning, elec-
tric vehicle battery disassembly, human–robot collaboration, uncertainty modelling, and
multi-product disassembly lines. The literature shows that end-of-life battery disassem-
bly is a complex decision-making problem due to the diversity of battery architectures,
the presence of hazardous components, the need to respect precedence constraints, and
the variability of operation times.

The reviewed studies also show that several approaches have been proposed to address
this complexity. Disassembly sequence planning methods focus on determining feasible
removal orders, while disassembly line balancing models extend this logic by assigning
tasks to workstations under cycle-time and precedence constraints. More recent works
introduce human–robot collaboration in order to combine human flexibility with robotic
precision and safety. Other contributions consider uncertainty through stochastic, fuzzy,
or scenario-based models, recognizing that task durations may vary significantly in real
end-of-life disassembly operations.

However, the literature also indicates that several aspects remain difficult to integrate
within a single decision framework. Many studies focus on one specific product type,
whereas practical recovery systems may have to process several battery models. In
addition, several models rely on deterministic operation times, although human execution
times can vary depending on product condition, accessibility, operator adaptation, and
unexpected disassembly difficulties. Finally, when the number of products, tasks, stations,
resources, and scenarios increases, the resulting optimization problem becomes highly
combinatorial.

These observations provide the background for the next chapter. Chapter 3 will
build on the literature review by defining the considered problem, clarifying the research
positioning, and introducing the methodological framework adopted in this work.
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Chapter 3
Proposed HRC-ALNS Methodology for
the Multi-Type Human–Robot
Collaborative Battery Disassembly
Problem
3.1 Introduction

The previous chapter reviewed the main contributions related to disassembly planning,
electric vehicle battery disassembly, human–robot collaboration, uncertainty modelling,
and multi-product disassembly line balancing. It showed that end-of-life battery disas-
sembly is a complex decision-making problem, especially when several battery types,
heterogeneous task structures, human and robotic resources, and uncertain operation
times are considered together.

In the first part of this work, the studied problem was formulated through exact
mixed-integer linear programming models. These models are useful because they pro-
vide a rigorous mathematical representation of the disassembly line. They explicitly
describe station opening decisions, task-to-station assignment, execution mode selection,
resource allocation, precedence constraints, cycle-time limitations, and, in the stochastic
case, recourse decisions under uncertain human operation times.

However, the computational difficulty of the problem increases rapidly with the num-
ber of battery types and disassembly tasks. When more products are considered, the
model must handle a larger number of assignment variables, precedence relations, exe-
cution mode combinations, resource constraints, and scenario-dependent variables. As a
result, exact optimization becomes increasingly expensive in terms of computation time.
This limitation motivates the development of an approximate solution approach capable
of producing good-quality solutions within reasonable computational time.

The purpose of this chapter is therefore to introduce a metaheuristic approach adapted
to the multi-type human–robot collaborative battery disassembly problem. The selected
framework is based on Adaptive Large Neighbourhood Search (ALNS). ALNS is a known
metaheuristic in the literature; it is not introduced here as a new independent algorithm.
In this work, the contribution lies in its adaptation to the considered problem.

The proposed adaptation concerns several specific elements of the problem: the in-
ternal encoding of a solution, the decoding procedure used to assign tasks to stations,
the management of human, robotic and collaborative execution modes, the treatment of
AND/OR precedence relations, and the design of destruction and repair operators adapted
to both deterministic and stochastic cases.

For clarity, the proposed variant is referred to as HRC-ALNS, for Human–Robot Col-
laborative Adaptive Large Neighbourhood Search. Two versions are considered. The
deterministic version is denoted D-HRC-ALNS, while the stochastic version is denoted
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S-HRC-ALNS. The deterministic version uses nominal task durations and evaluates sta-
tion loads under fixed operation times. The stochastic version incorporates scenario-
dependent human operation times and evaluates the expected recourse generated by
station overloads under uncertainty.

The chapter is organized as follows. Section 3.2 presents the research problem and the
methodological positioning of the proposed approach. Section 3.3 introduces the general
principle of ALNS and explains how it is adapted to the studied problem. Section 3.4
presents the internal encoding of a solution. Sections 3.5 and 3.6 describe the construction
of the initial solution and the decoding procedure. Sections 3.7 and 3.8 present the
neighbourhood generation mechanisms. Sections 3.9 and 3.10 explain the evaluation,
acceptance criterion, and adaptive operator selection. Finally, Section 3.11 summarizes
the general algorithmic framework.

3.2 Research Problem and Methodological Positioning

The problem addressed in this chapter concerns the resolution of a multi-type human–
robot collaborative disassembly line balancing problem for end-of-life electric vehicle
batteries. Several battery types are processed on the same line. Each battery type has its
own set of tasks, precedence relations, processing times, feasible execution modes, and
task characteristics. The line contains a maximum number of potential stations, and each
task must be assigned to one station and executed by a compatible resource configuration.

The main decisions are interdependent. A task cannot be assigned independently of
its precedence relations. A collaborative task cannot be scheduled unless both a human
and a robot are available at the same station. A normal task may be executed either by a
human or by a robot, which creates flexibility but also increases the number of possible
combinations. In the stochastic case, the same structural assignment must remain valid
under several scenarios of human operation times. These elements make the problem
highly combinatorial.

The exact MILP formulations provide a strong reference framework. They define
the constraints precisely and allow optimal solutions to be obtained for small instances.
Nevertheless, when the number of products and tasks increases, the number of binary
variables and constraints grows significantly. The stochastic formulation is even more de-
manding because scheduling variables, station loads and recourse variables are scenario-
dependent. This explains why a complementary solution approach is needed for larger
instances.

The research problem considered in this chapter can therefore be formulated as follows:

How can the deterministic and stochastic multi-type human–robot collabora-
tive battery disassembly line problem be solved efficiently when exact opti-
mization becomes computationally restrictive, while preserving the feasibility
of task sequences, execution modes, AND/OR precedence relations, station
assignments and recourse evaluation?

To answer this question, the present work adopts a problem-specific adaptation of
ALNS. The objective is not to replace the mathematical model, but to use the structure
of the model as a basis for designing a scalable search procedure. The exact formulation
defines the logic of feasibility and evaluation, while the metaheuristic explores the search
space more flexibly.
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This methodological positioning is important. The proposed HRC-ALNS is not pre-
sented as a completely new metaheuristic. It remains based on the general ALNS prin-
ciple: starting from a complete solution, removing part of it, repairing it in a different
way, evaluating the new solution, and deciding whether to accept it. The added value of
this work lies in the adaptation of these steps to the specific characteristics of the studied
disassembly problem.

In particular, the proposed method must be able to handle:

• several battery types with different task sets and precedence relations;

• human, robotic and collaborative execution modes;

• AND and OR precedence relations;

• station assignment and resource allocation through a decoder;

• deterministic and stochastic evaluations;

• recourse costs in the stochastic case;

• neighbourhood operators that target bottleneck stations, long tasks, costly tasks,
human variability and scenario-dependent overloads.

The following section introduces the transition from the general ALNS logic to the
proposed HRC-ALNS variant.

3.3 From ALNS to the Proposed HRC-ALNS Variant

3.3.1 General Principle of Adaptive Large Neighbourhood Search

Adaptive Large Neighbourhood Search is a metaheuristic based on the iterative modifi-
cation of complete solutions. At each iteration, a current solution is partially destroyed
by removing a subset of elements. The incomplete solution is then repaired by reinserting
the removed elements according to one or several repair rules. This destruction–repair
mechanism allows the algorithm to explore large neighbourhoods of the current solution
[?, ?].

The term adaptive refers to the fact that several destruction and repair operators can
be used during the search. Their selection is not fixed once and for all. Instead, operator
weights are updated according to their past performance. Operators that frequently lead
to improved solutions receive higher selection probabilities, while less effective operators
become less likely to be selected. This adaptive mechanism makes the search more flexible
than a classical local search based on a single neighbourhood structure.

In many optimization problems, ALNS is combined with an acceptance criterion in-
spired by simulated annealing. A new solution is always accepted if it improves the
current solution. If it is worse, it may still be accepted with a probability that decreases
with the deterioration of the objective value and with the temperature parameter. This
mechanism helps the algorithm avoid premature convergence to a local optimum.

For disassembly line balancing problems, the ALNS principle is particularly relevant
because the solution is composed of several interdependent decisions. Modifying a small
part of the solution can affect station loads, precedence feasibility, resource availability
and execution cost. Recent works have also used ALNS-based approaches for stochastic
and sequence-dependent disassembly line balancing, which confirms the interest of this
search logic for complex end-of-life product disassembly problems [60].
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3.3.2 Motivation for Adapting ALNS to the Studied Problem

The studied problem has a structure that is well suited to an ALNS-based approach.
First, a complete solution can be represented by a sequence of operations and a set
of execution mode decisions. Second, part of this solution can be removed without
discarding the entire solution. Third, the removed tasks can be reinserted in different
feasible positions, allowing the search to explore new task orders, mode combinations
and station assignments.

However, a direct application of a standard ALNS is not sufficient. The studied
problem includes several characteristics that require a specific adaptation. The first one
is the presence of several battery types. A solution must include all tasks of all products,
while preserving the internal precedence structure of each battery type. The second one
is the presence of human, robotic and collaborative execution modes. A task may have
only one feasible mode or may allow several alternatives. The third one is the presence
of AND/OR precedence relations, which means that some predecessors are mandatory
while others are selected among alternatives.

Another important point is the station assignment. In the proposed method, stations
are not directly encoded in the main solution representation. Instead, they are computed
by a decoder after each modification of the sequence and execution modes. This choice
avoids generating too many infeasible solutions during the search. It also separates two
roles: the encoding is used to explore the search space, while the decoder translates the
encoded solution into stations, resource allocations, loads, recourse values and final cost.

The stochastic version requires an additional adaptation. In this case, human operation
times vary across scenarios. Therefore, the evaluation of a solution cannot rely only on
nominal station loads. The decoder must calculate scenario-dependent station loads and
the possible recourse associated with overloads. Destruction and repair operators must
also exploit stochastic information, such as stations with high recourse, tasks with high
human-time variability, and tasks contributing to the worst scenario.

3.3.3 Definition of the Proposed HRC-ALNS Variants

Based on these adaptations, the proposed approach is denoted HRC-ALNS, for Human–
Robot Collaborative Adaptive Large Neighbourhood Search. This name reflects the fact
that the algorithm is not a generic ALNS applied without modification, but a variant
designed for a human–robot collaborative disassembly line problem.

Two versions are distinguished:

• D-HRC-ALNS: the deterministic version, where all operation times are fixed and
the evaluation is based on nominal station loads, station opening cost, execution
cost and feasibility penalties;

• S-HRC-ALNS: the stochastic version, where human operation times depend on
scenarios and the evaluation includes expected recourse costs associated with station
overloads.

Both versions share the same general structure. A solution is encoded by a sequence
of operations, a set of execution modes, and the active OR choices. The solution is then
decoded into stations and resources. At each iteration, a mixed destruction mechanism
removes a subset of tasks, and a hybrid repair mechanism reinserts them in feasible
positions. The resulting solution is decoded, evaluated and either accepted or rejected
according to the acceptance rule.
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The main difference between the two versions lies in the information used by the
operators and by the evaluation function. In D-HRC-ALNS, destruction and repair are
guided by nominal loads, long tasks, costly tasks and bottleneck stations. In S-HRC-ALNS,
they also consider scenario-dependent recourse, variability of human task durations and
worst-scenario station loads. This distinction allows the stochastic version to search not
only for low-cost solutions, but also for solutions that are less sensitive to human-time
variability.

Table 3.1 summarizes the main components of the proposed HRC-ALNS methodology.

Table 3.1: Main components of the proposed HRC-ALNS methodology.

Component Role in the proposed methodology

Solution encoding Represents a candidate solution through the operation se-
quence, execution modes and OR choices.

Decoder Converts the encoded solution into station assignments,
resource allocations, station loads, recourse values and
total cost.

Mixed destruction Removes a subset of tasks according to several criteria in
order to diversify the search.

Hybrid repair Reinserts removed tasks using rules adapted to the reason
for their removal and to the deterministic or stochastic
case.

Solution evaluation Computes deterministic or stochastic objective values, in-
cluding penalties when required.

Acceptance rule Uses simulated annealing to accept improving solutions
and occasionally accept non-improving ones.

Adaptive selection Updates operator weights according to their contribution
to the search.

3.4 Solution Representation

The efficiency of a metaheuristic strongly depends on the way candidate solutions are rep-
resented. In the studied problem, a solution must contain enough information to describe
the order of operations, the execution mode of each task, and the selected alternatives in
the case of OR precedence relations. At the same time, the representation must remain
simple enough to be modified by destruction and repair operators during the search.

For this reason, the proposed HRC-ALNS does not encode station assignments directly.
Instead, a solution is represented internally by a sequence of operations, a set of execution
mode decisions, and a set of active OR choices. The assignment to stations is obtained
later through a decoding procedure. This separation between encoding and decoding
makes the search more flexible and reduces the risk of generating infeasible solutions
after each neighbourhood move.
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3.4.1 Internal Encoding of a Solution

Let an operation be denoted by (p, i), where p ∈ P represents the battery type and i ∈ Ip

represents a disassembly task of product p. In the proposed HRC-ALNS, a solution is
encoded as follows:

S = (π, µ, z), (3.1)

where:

• π is the global sequence of operations. It contains all operations (p, i) belonging to
all battery types considered in the instance;

• µ is the execution mode vector. It specifies the selected execution mode for each
operation;

• z represents the active OR choices. For tasks with alternative predecessors, it indi-
cates which predecessor is selected.

The sequence π defines the order in which operations are considered by the decoder.
It is not a direct schedule, because start times and station assignments are not stored in the
sequence. Instead, π provides a priority order used to build a feasible line configuration.
Each operation must appear exactly once in π, which ensures that no disassembly task is
omitted or duplicated.

The execution mode vector µ associates each operation (p, i) with one feasible mode:

µpi ∈ {H,R,C}, (3.2)

where H denotes human execution, R denotes robotic execution, and C denotes col-
laborative human–robot execution. However, the feasible set of modes depends on the
nature of the task. Human-only tasks can only be assigned to H, robot-only tasks can only
be assigned to R, and collaborative tasks can only be assigned to C. Normal tasks can be
assigned either to H or to R.

The vector z is used only for tasks that have OR precedence relations. In such cases,
a task may become feasible after one predecessor among several alternatives has been
completed. Therefore, z stores the selected active predecessor for each task concerned by
an OR relation. This choice is important because it determines the precedence constraints
that must be respected during repair and decoding.

3.4.2 Encoding of Execution Modes

Execution modes play a central role in the proposed method because they connect the
disassembly task to the required resources. A task executed in human mode requires a
human operator at the assigned station. A task executed in robot mode requires a robotic
resource. A collaborative task requires both resources at the same station and during the
same operation.

The mode decision therefore affects several elements of the solution evaluation. It
influences the processing time, the execution cost, the type of station required, the station
load, and the feasibility of resource allocation. For this reason, mode changes are important
neighbourhood moves in the HRC-ALNS. In particular, normal tasks provide flexibility
because their execution mode can be modified between human and robot execution during
the search.
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In the deterministic version, the selected mode determines the fixed processing time
used to evaluate the station load. In the stochastic version, the selected mode also deter-
mines whether the task is affected by uncertainty. Human operation times vary across sce-
narios, while robot and collaborative operation times remain deterministic in the adopted
formulation.

3.4.3 Encoding of OR Precedence Choices

The studied disassembly problem includes both AND and OR precedence relations. AND
precedence relations are mandatory. If task i is an AND-predecessor of task j, then task
i must be completed before task j according to the technological logic of the disassembly
process.

OR precedence relations are different. They represent alternative access conditions. If
a task has several possible OR-predecessors, the completion of one selected predecessor
is sufficient to activate the task. In the proposed encoding, this selection is stored in the
vector z.

For a task (p, j) with a set of alternative predecessors PredOR
pj , the selected OR predeces-

sor is represented as:

zpj ∈ PredOR
pj . (3.3)

During repair, the selected OR choices are used to determine feasible insertion positions
in the sequence. A task cannot be inserted before its active predecessors, and it cannot be
placed in a position that violates the order of its active successors. During decoding, the
same active precedence logic is used to determine the earliest station where the task can
be assigned.

This treatment allows the algorithm to preserve the logic of the disassembly process
while keeping the solution representation compact. It also allows OR choices to be mod-
ified during the search when such a modification can improve feasibility, cost, workload
balance, or recourse performance.

3.4.4 Why Stations Are Not Directly Encoded

A possible representation would consist of encoding, for each task, its station assignment
together with its execution mode. However, this direct encoding would make the search
more difficult. A simple modification of the sequence or a mode could easily create
infeasible station assignments, for example by violating precedence relations, exceeding
the cycle time, opening unnecessary stations, or assigning a collaborative task to a station
without both resources.

For this reason, the proposed HRC-ALNS separates the internal representation from
the final line configuration. The solution manipulated by the metaheuristic contains only
the sequence, execution modes, and OR choices. The station assignment is reconstructed
by a decoder after each modification.

This design has two advantages. First, the destruction and repair operators can modify
the solution without directly managing all station feasibility constraints. Second, the de-
coder can evaluate each candidate solution consistently by applying the same assignment
logic. It computes the opened stations, the resource configuration of each station, the
station loads, the recourse values in the stochastic case, and the final objective value.
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In other words, the encoding is used to explore the search space, while the decoder
translates the encoded solution into an operational disassembly line configuration. Fig-
ure 3.1 summarizes this principle.

Sequence π
P1-T1 P2-T1 P1-T2 P2-T2 P1-T3 P2-T3

Modes µ
H R C H R C

OR choices z
Task: P2-T3
Possible pred.: P2-T1 or P2-T2
Selected pred.: P2-T2

decoding

Decoded solution
P1-T1
→ S1
→ H

P2-T1
→ S1
→ R

P1-T2
→ S1
→ C

P2-T2
→ S2
→ H

P1-T3
→ S2
→ R

P2-T3
→ S2
→ C

Figure 3.1: Internal encoding of a solution and decoding toward stations.

3.5 Initial Solution Construction

The HRC-ALNS starts from a complete initial solution. This solution does not need to be
optimal, but it must provide a feasible or nearly feasible starting point for the search. The
initial solution is built in three main steps: selection of OR predecessors, construction of
a precedence-feasible operation sequence, and assignment of execution modes.

First, for each task having OR precedence relations, one active predecessor is selected.
When no additional information is available, this choice can be made according to a
simple rule, such as selecting the predecessor with the shortest processing time, the
lowest execution cost, or a random predecessor among feasible alternatives. The selected
OR predecessors define the active precedence structure used by the sequence construction
procedure.

Second, the algorithm constructs an initial sequence π containing all operations of all
battery types. The construction follows a precedence-feasible logic. At each step, the set of
available operations is determined. An operation is available if all its active predecessors
have already been inserted into the sequence. One operation is then selected from the
available set and appended to π. This process continues until all operations have been
inserted exactly once.

Third, an initial execution mode is assigned to each operation. For tasks with a single
feasible mode, the assignment is direct. Human-only tasks are assigned to H, robot-only
tasks to R, and collaborative tasks to C. For normal tasks, which can be executed either by
a human or by a robot, the initial mode can be selected using a simple constructive rule.
For example, the algorithm may choose the mode with the shortest processing time, the
lowest execution cost, or the mode that improves the expected load balance.

After these three steps, the encoded solution S = (π, µ, z) is passed to the decoder.
The decoder assigns operations to stations, determines the required resources, computes
station loads and evaluates the objective function. If the decoded solution violates some
constraints, a penalty is added to its objective value. The search can then start from this
initial solution and progressively improve it through destruction and repair moves.

3.6 Decoding Procedure

The decoder is one of the most important components of the proposed methodology. It
transforms the encoded solution S = (π, µ, z) into an operational line configuration. The
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output of the decoder includes station assignments, station openings, human and robotic
resource allocations, station loads, recourse values in the stochastic case, and the final
objective value.

3.6.1 Precedence-Based Feasibility

The decoder reads the operations in the order defined by π. For each operation (p, i), it
identifies the active predecessor set. This set contains all mandatory AND predecessors
and the selected OR predecessors stored in z. It is denoted by:

Pred+pi = PredAND
pi ∪ PredOR,z

pi . (3.4)

If a predecessor of (p, i) has already been assigned to a station, the current operation
cannot be placed in a station located before that predecessor. Therefore, the earliest
admissible station is computed as:

kmin(p, i) = max{k(p, h) : h ∈ Pred+pi}, (3.5)

where k(p, h) is the station assigned to predecessor h of product p. If the operation has
no active predecessor, then kmin(p, i) = 1.

This rule ensures that the physical order of stations does not violate the active prece-
dence structure. If two tasks are assigned to the same station, the decoder also preserves
the order induced by the sequence and by the internal scheduling procedure.

3.6.2 Station Assignment and Resource Allocation

After computing the earliest admissible station, the decoder tests candidate stations k ≥
kmin(p, i). A station is considered compatible with an operation if it can provide the
resources required by the selected execution mode. If a task is executed in mode H, the
station must contain a human operator. If it is executed in mode R, the station must
contain a robot. If it is executed in mode C, both resources must be available.

If a compatible opened station exists and can receive the operation without excessive
overload, the task is assigned to that station. Otherwise, the decoder may open a new
station, provided that the maximum number of potential stations is not exceeded. The
opening of a station generates a station cost and determines whether the station is human-
only, robot-only, or collaborative.

The decoder therefore plays a constructive role. It does not simply read the encoded
solution; it converts it into a feasible or penalized line configuration by applying the same
logic as the mathematical model: precedence feasibility, resource compatibility, station
opening and workload evaluation.

3.6.3 Deterministic Decoding

In the deterministic version, operation times are fixed. The decoder uses the same assign-
ment indicators as the mathematical model. For each operation (p, i) and station k, xH

pik,
xR

pik and xC
pik indicate whether the task is assigned to station k and executed respectively in

human, robot or collaborative mode. The nominal load of station k is therefore written as:

Lk =
∑
p∈P

∑
i∈Ip

(
tH
pix

H
pik + tR

pix
R
pik + tC

pix
C
pik

)
. (3.6)
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The main capacity condition is:

Lk ≤ CT. (3.7)

If the decoded assignment satisfies this condition for all opened stations, no overload
penalty is required. If a station exceeds the cycle time, the solution is penalized. This
penalty does not mean that the solution is accepted as feasible in the final decision. It is
used during the search to guide the algorithm away from infeasible regions.

3.6.4 Stochastic Decoding and Recourse Evaluation

In the stochastic version, the same station assignment and execution mode decisions are
evaluated over all scenarios. Human operation times vary according to the scenario, while
robotic and collaborative times remain deterministic. For each station k and scenario s,
the decoder computes a scenario-dependent load:

Ls
k =

∑
p∈P

∑
i∈Ip

(
tH,s
pi xH

pik + tR
pix

R
pik + tC

pix
C
pik

)
. (3.8)

The overload or recourse of station k in scenario s is defined as:

rs
k = max(0,Ls

k − CT). (3.9)

The recourse must remain bounded according to the admissible tolerance:

rs
k ≤ ηCT uk, η = 0.15, (3.10)

where uk indicates whether station k is opened and η is the maximum allowed overload
ratio. The same value adopted in the stochastic MILP is used, namely η = 0.15.

The stochastic decoder is therefore more demanding than the deterministic one. It
evaluates each candidate assignment not only under a nominal duration, but under all
generated scenarios. This makes it possible to detect solutions that appear balanced in
nominal conditions but become weak under human-time variability.

3.7 Neighbourhood Generation by Mixed Destruction

The destruction phase is responsible for creating a partial solution by removing a subset
of tasks from the current solution. This step is essential because it allows the algorithm
to escape the current local structure and explore alternative configurations. In the pro-
posed HRC-ALNS, the destruction mechanism is mixed: the removed tasks are selected
according to several criteria rather than by a single rule applied to the whole removed set.

3.7.1 Destruction Size

At each iteration, the number of removed tasks is not fixed. It depends on the total number
of operations in the current instance. Let n be the number of operations included in the
solution. The destruction size is defined as:

q = max (1, round(U(0.10, 0.35) × n)) , (3.11)

where U(0.10, 0.35) is a uniform random draw between 10% and 35%.
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This variable destruction size allows the algorithm to alternate between intensification
and diversification. Small destructions modify only a limited part of the solution and are
useful for local improvement. Larger destructions modify a more significant part of the
solution and help the search move away from poor regions.

3.7.2 Deterministic Destruction Operators

In the deterministic version, the destruction phase uses nominal durations, nominal sta-
tion loads and execution costs. Table 3.2 summarizes the deterministic destruction oper-
ators.

Table 3.2: Deterministic destruction operators used in D-HRC-ALNS.

Operator Role

Random removal Removes tasks randomly in order to maintain diversi-
fication during the search.

Bottleneck station re-
moval

Removes tasks assigned to the station with the highest
nominal load.

Long task removal Removes tasks with large processing times, since they
strongly influence cycle-time feasibility.

Costly task removal Removes tasks with high execution cost in order to al-
low a different mode or station assignment.

Normal task removal Removes normal tasks that can be executed either by a
human or by a robot, making mode changes possible.

These operators target different weaknesses of the current solution. Bottleneck removal
acts on workload imbalance. Long task removal focuses on tasks that constrain the cycle
time. Costly task removal seeks to reduce the objective value. Normal task removal
exploits mode flexibility between human and robot execution.

3.7.3 Stochastic Destruction Operators

In the stochastic version, the destruction phase uses additional information obtained
from the scenario evaluation. The objective is not only to reduce nominal cost, but also to
improve the behaviour of the solution under uncertainty. Table 3.3 presents the stochastic
destruction operators.
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Table 3.3: Stochastic destruction operators used in S-HRC-ALNS.

Operator Role

Random removal Maintains diversification even in the stochastic search.
Recourse station removal Removes tasks from stations generating high recourse

over the scenarios.
High variability human re-
moval

Removes human tasks whose processing times vary
strongly between scenarios.

Worst-scenario task re-
moval

Removes tasks contributing to the highest station load
in the most unfavorable scenario.

Recourse-risk removal Combines recourse information and human-time
variability to target tasks that create overload risk.

The expression risk in this context refers to the risk of exceeding the cycle time under
uncertain human operation times. It does not necessarily indicate a physical safety risk.
A task is considered risky when its duration variability can contribute to station overload
in one or several scenarios.

3.7.4 Mixed Destruction Strategy

In a classical ALNS implementation, one destruction operator is often selected and applied
to the solution. In the proposed HRC-ALNS, the destruction is mixed. Once the total
destruction size q is selected, this quantity is distributed across several criteria. For
example, in the deterministic case, part of the removed tasks may come from the bottleneck
station, another part from the longest tasks, and another part from normal tasks. In the
stochastic case, the removed set may combine tasks from high-recourse stations, highly
variable human tasks and tasks contributing to the worst scenario.

This mixed strategy is more adapted to the studied problem because a poor solution
may have several causes at the same time. A station may be overloaded, some tasks may
be expensive, and some flexible tasks may have inappropriate execution modes. In the
stochastic case, the solution may also be weak because of human-time variability. Remov-
ing tasks according to several criteria gives the repair mechanism more opportunities to
reconstruct a better configuration.

Figure 3.2 illustrates the principle of mixed destruction.
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Solution S
P1T1 P2T1 P1T2 P2T2 P1T3 P2T3

After destruction
P1T1 0 0 P2T2 0 P2T3

bottleneck
station

long
task

normal
task

(a) Deterministic mixed destruction

Solution S
P1T1 P2T1 P1T2 P2T2 P1T3 P2T3

After destruction
0 P2T1 P1T2 0 0 P2T3

high
recourse

human
variability

worst
scenario

(b) Stochastic mixed destruction

Figure 3.2: Example of mixed destruction: several criteria contribute to the removed
subset.

3.8 Hybrid Repair Mechanism

After destruction, the solution becomes partial. Some tasks are temporarily absent from
the sequence and must be reinserted. The repair mechanism reconstructs a complete
solution by inserting each removed task into a feasible position. In the proposed method,
the repair is hybrid because the rule used for reinsertion depends on both the type of case
and the reason why the task was removed.

3.8.1 Feasible Insertion Positions

Before reinserting a removed operation (p, i), the algorithm identifies the positions in
the partial sequence where the insertion is feasible. A position is feasible if all active
predecessors of (p, i) are located before the position and all active successors are located
after it. The active predecessors include the AND predecessors and the OR predecessor
selected in z.

This step is necessary because inserting a task at a random position can easily violate the
disassembly logic. By computing feasible positions first, the repair mechanism preserves
the technological consistency of the sequence before the decoder assigns tasks to stations.

It is important to distinguish two levels of feasibility. The repair mechanism verifies
precedence feasibility inside the sequence. The decoder then verifies station assignment,
resource compatibility, cycle-time limits and recourse constraints. This separation keeps
the repair process manageable while allowing the decoder to evaluate the final operational
feasibility of the solution.
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3.8.2 Deterministic Repair Rules

In D-HRC-ALNS, repair rules are based on nominal durations, nominal loads and deter-
ministic execution costs. Table 3.4 summarizes the main deterministic repair rules.

Table 3.4: Deterministic repair rules used in D-HRC-ALNS.

Repair rule Role

Random repair Reinserts a removed task into a feasible position se-
lected randomly.

Sequential repair Reinserts tasks according to a topological or natural
order respecting precedence.

Least-cost repair Selects the insertion and mode that reduce execution
cost.

Fastest repair Favors insertions and modes associated with short
processing times.

Load-balanced repair Selects the insertion that improves the balance of nom-
inal station loads.

Minimum station opening
repair

Favors insertions that avoid opening an additional
station.

These rules are not used in isolation from the destruction phase. If a task was removed
from a bottleneck station, load-balanced repair becomes particularly relevant. If a task
was removed because it is long, fastest repair may be preferred. If a task was removed
because it is costly, least-cost repair becomes more appropriate.

3.8.3 Stochastic Repair Rules

In S-HRC-ALNS, the repair mechanism must consider the behaviour of the candidate
insertion over all scenarios. A position that seems good in nominal conditions may
increase recourse in a scenario where human tasks become longer. Therefore, stochastic
repair rules use scenario-dependent station loads and recourse information. Table 3.5
summarizes these rules.

Table 3.5: Stochastic repair rules used in S-HRC-ALNS.

Repair rule Role

Random repair Maintains a minimum level of diversification.
Recourse-aware repair Tests feasible positions and selects the one that re-

duces expected recourse.
Robust repair Favors insertions that reduce station load in the

worst scenario.
Variability-aware repair Avoids grouping several highly variable human

tasks in the same station.
Scenario load-balanced re-
pair

Balances station loads over all scenarios, not only
under nominal conditions.
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The stochastic repair rules make the S-HRC-ALNS different from a deterministic search
followed by a stochastic evaluation. In the proposed approach, stochastic information is
used during the construction of neighbouring solutions. This allows the search to avoid
configurations that are likely to generate recourse, instead of discovering this weakness
only after full evaluation.

3.8.4 Coupling Between Destruction and Repair

The repair phase is coupled with the destruction phase. This means that the cause of
removal is stored and used to guide reinsertion. Table 3.6 gives examples of this coupling.

Table 3.6: Examples of coupling between destruction causes and repair rules.

Case Removed tasks Preferred repair logic

Deterministic Tasks from bottleneck station Load-balanced repair
Deterministic Long tasks Fastest repair
Deterministic Costly tasks Least-cost repair
Deterministic Normal H/R tasks Least-cost or mode-change re-

pair
Stochastic Tasks from high-recourse sta-

tion
Recourse-aware repair

Stochastic Highly variable human tasks Variability-aware repair
Stochastic Worst-scenario tasks Robust repair
Stochastic Tasks contributing to scenario

imbalance
Scenario load-balanced repair

Figure 3.3 illustrates the principle of hybrid repair after destruction.
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Partial solution
P1T1 0 0 P2T2 0 P2T3

After repair
P1T1 P2T1 P2T2 P1T2 P1T3 P2T3

load-
balanced fastest least-

cost
(a) Deterministic hybrid repair

Partial solution
0 P2T1 P1T2 0 0 P2T3

After repair
P2T1 P1T1 P1T2 P2T2 P2T3 P1T3

recourse-
aware robust variability-

aware
(b) Stochastic hybrid repair

Figure 3.3: Example of hybrid repair after mixed destruction.

3.9 Evaluation of Candidate Solutions

After repair, the candidate solution is complete again. It is decoded and evaluated. The
evaluation must be consistent with the optimization logic of the original mathematical
model. For this reason, the objective function includes station opening costs, execution
costs and, in the stochastic case, expected recourse costs. Penalty terms are added when
the decoded solution violates important feasibility conditions.

3.9.1 Deterministic Evaluation

In D-HRC-ALNS, the candidate solution is evaluated using the same cost components as
the deterministic mathematical formulation. The evaluation function is written as:

Fdet = Cstations + Cexecution + Penalty. (3.12)

The station opening cost is computed as:

Cstations =
∑
k∈K

fkuk, (3.13)

where fk is the fixed cost of opening station k and uk indicates whether this station is
used. The execution cost is computed from the selected execution modes:

Cexecution =
∑
p∈P

λp

∑
i∈Ip

∑
k∈K

(
cH

pix
H
pik + cR

pix
R
pik + cC

pix
C
pik

)
. (3.14)

The penalty term is used to discourage incomplete or infeasible solutions during the
search. Typical sources of penalty include missing tasks, duplicated tasks, precedence
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violations, cycle-time violations and incompatible resource assignments. The final re-
ported solution must satisfy the feasibility conditions; penalties are used only as a search
guidance mechanism.

3.9.2 Stochastic Evaluation

In S-HRC-ALNS, the same station and execution cost components are kept, but the evalua-
tion also includes the weighted recourse cost over the generated scenarios. The stochastic
evaluation function is written as:

Fsto = Cstations + Cexecution + Crecours + Penalty. (3.15)

The recourse cost is computed as:

Crecours =
∑
s∈S

ωs

∑
k∈K

ρkrs
k, (3.16)

with:

rs
k = max(0,Ls

k − CT). (3.17)

Here, ωs is the probability of scenario s, ρk is the unit recourse cost associated with
station k, and rs

k is the overload of station k in scenario s. When the same recourse cost is
used for all stations, ρk can be replaced by a common coefficient cR.

This evaluation gives the stochastic algorithm a different search direction from the
deterministic version. A solution with a low deterministic cost may not be good under
uncertainty if it produces frequent or high station overloads. Conversely, a solution that
slightly increases station cost or execution cost may be more attractive if it significantly
reduces weighted recourse.

3.9.3 Penalty Management

Penalty management is required because the destruction and repair operators may some-
times generate solutions that are incomplete or difficult to decode feasibly. Instead of
immediately discarding all such solutions, the algorithm assigns a penalty to guide the
search. The penalty increases the objective value and makes infeasible solutions less likely
to survive.

The penalty mechanism is particularly useful during early iterations, when the algo-
rithm explores a wide search space. However, the final reported solution must satisfy the
problem constraints. Therefore, penalties are used as a search guidance mechanism, not
as a substitute for feasibility.

3.10 Acceptance Criterion and Adaptive Operator Selection

3.10.1 Simulated Annealing Acceptance Rule

After a candidate solution S′ is decoded and evaluated, it is compared with the current
solution Scurrent. If the new solution is better, it is accepted directly. If it is worse, it may
still be accepted with a probability inspired by simulated annealing:
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Paccept = exp
(
−

F(S′) − F(Scurrent)
T

)
, (3.18)

where F denotes the deterministic or stochastic evaluation function and T is the current
temperature.

The temperature decreases progressively during the search according to:

T← αT, (3.19)

where α is the cooling rate. At the beginning of the search, the temperature is higher,
and worse solutions can be accepted more easily. As the search progresses, the temper-
ature decreases, and the algorithm becomes more selective. This mechanism improves
exploration at the beginning and intensification near the end.

3.10.2 Operator Scoring and Weight Updating

The adaptive component of ALNS is based on the update of operator weights. Each
destruction and repair operator has an associated weight. At the beginning, all operators
may receive the same weight. During the search, operators that contribute to good
solutions receive rewards, which increases their probability of being selected later.

Let wo be the weight of operator o. After a given number of iterations, the weight can
be updated as follows:

wo ← (1 − λ)wo + λ
scoreo

useo
, (3.20)

where λ is the reaction factor, scoreo is the accumulated score obtained by the operator,
and useo is the number of times the operator was used during the update period.

The score assigned to an operator depends on the quality of the solution it helped gen-
erate. A high reward is given when the new solution improves the best-known solution.
A smaller reward may be given when the new solution improves the current solution
or is accepted by the simulated annealing criterion. Operators that do not contribute to
accepted or improved solutions receive little or no reward.

This mechanism does not eliminate less effective operators completely. They may still
be selected, which preserves diversification. However, the search progressively favors
the operators that perform better for the instance being solved.

3.11 General Algorithmic Framework

Figure 3.4 summarizes the complete workflow of the proposed HRC-ALNS. The process
starts with the construction and decoding of an initial solution. Then, at each iteration,
a neighbouring solution is generated through mixed destruction and hybrid repair, de-
coded, evaluated, accepted or rejected, and used to update the best solution and the
adaptive operator weights.
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Figure 3.4: General workflow of the proposed HRC-ALNS methodology.

The detailed pseudo-code of the proposed method is given in Algorithm 1 . It follows
the same logic as the workflow shown in Figure 3.4, but it describes the operational steps
in a more explicit way. Let Ω = {(p, i) : p ∈ P, i ∈ Ip} denote the set of all operations to be
assigned. The detailed procedure of the proposed HRC-ALNS is presented in Algorithm 1.
The algorithm follows the general logic of Adaptive Large Neighbourhood Search, where
a complete solution is iteratively modified through destruction and repair mechanisms.
In this work, this general structure is adapted to the considered multi-type human–robot
collaborative disassembly problem. The procedure starts by reading the problem data,
initializing the operators, constructing an initial solution, and decoding it into a complete
line configuration.

Algorithm 1: General initialization of the HRC-ALNS procedure

Input:

• product, task, station and resource data;

• AND/OR precedence relations;

• feasible execution modes H, R and C;

• cycle time CT;

• scenarios and probabilities ωs in the stochastic case;
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• recourse parameters ρk and η;

• destruction limits αmin = 0.10 and αmax = 0.35;

• initial temperature T0;

• cooling rate β;

• stopping threshold Nstop.

Output: best solution found S∗.

Begin

1. Read the problem data. If the case is stochastic, read the scenario data from the
Excel input file.

2. Initialize the operator weights:

wD = 1 for each destruction operator D, wR = 1 for each repair operator R.

3. Generate an initial solution S = (π, µ, z):

• select the active OR predecessors z;

• generate a sequence π respecting the active precedence relations;

• choose one admissible execution mode µ for each operation.

4. Decode S:

• assign operations to stations;

• respect the physical order of stations;

• determine the type of each opened station;

• compute station loads.

5. Evaluate S and set:

Scurrent = S, S∗ = S, Fbest = F(S),

iter = 0, last_improvement_iter = 0, T = T0.

After initialization, the algorithm enters its iterative search process. At each iteration,
the current solution is partially modified. The first phase is the mixed destruction phase.
Its objective is to remove a limited number of operations from the current sequence in
order to create room for improvement. The number of removed operations is randomly
selected between the minimum and maximum destruction ratios. Several destruction
operators may be used, and their selection depends on their adaptive weights.

Algorithm 1 continued: Phase 1 – Mixed destruction

6. While iter − last_improvement_iter < Nstop, repeat the following steps:

(a) Set iter← iter + 1.
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(b) Choose the number of operations to remove:

q = ⌈U(αmin, αmax) |Ω|⌉ .

(c) Initialize:
πpartial = πcurrent, Removed = ∅,

and initialize the destruction-use counter DestroyUsage.

(d) For r = 1, . . . , q:

i. select a destruction operator D using roulette-wheel selection based on
the current weights;

ii. apply D to select one operation o to remove;
iii. if D does not find any candidate operation, use random removal as a

fallback rule;
iv. remove o from πpartial;
v. store the removed operation and its cause:

Removed← Removed ∪ {(o,Dused)};

vi. update DestroyUsage.

The second phase is the hybrid repair phase. Once a subset of operations has been
removed, the algorithm reinserts them into the partial sequence. The repair process is not
purely random. It uses the cause of destruction to select a suitable repair strategy. For
example, operations removed from a bottleneck station are preferably reinserted using a
load-balancing rule, while costly operations are reinserted using a cost-oriented rule. In
the stochastic case, the repair phase also considers recourse and variability information.

Algorithm 1 continued: Phase 2 – Hybrid repair

(e) Sort the removed operations according to a feasible topological order.

(f) Initialize:
πrepaired = πpartial,

and initialize the repair-use counter RepairUsage.

(g) For each removed operation o:

i. identify the destruction cause of o;
ii. determine the repair operators compatible with this cause:
• bottleneck station→ load-balanced repair;
• long task→ fastest repair;
• costly task→ least-cost repair;
• normal H/R task→ repair with possible mode change;
• station with recourse→ recourse-aware repair;
• variable human task→ robust or variability-aware repair;
• worst-scenario task→ robust repair.

iii. select a repair operator R by roulette-wheel selection among the com-
patible repair operators;
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iv. compute the feasible insertion positions of o according to the active
AND/OR precedence relations;

v. for each feasible position and each admissible mode:
• temporarily insert o;
• temporarily complete the sequence if required;
• decode the temporary solution;
• evaluate the temporary solution.

vi. select the position and execution mode giving the best score according
to the selected repair operator R;

vii. insert o in πrepaired;
viii. update RepairUsage.

(h) Build the neighbouring solution:

S′ = (π′, µ′, z′).

After the destruction and repair phases, a neighbouring solution S′ is obtained. This
solution is not evaluated directly from its sequence only. It must first be decoded into
an operational line configuration. The decoder assigns operations to stations, checks the
station order, determines the required resources, and computes the station loads. In the
stochastic version, it also calculates scenario-dependent loads and recourse values.

Algorithm 1 continued: Phase 3 – Decoding and evaluation

(i) Decode S′:

• assign operations to stations;
• compute station loads;
• compute recourse values in the stochastic case.

(j) Evaluate S′.
In the deterministic case:

Fdet = Cstations + Cexecution + Penalty.

In the stochastic case:

Fsto = Cstations + Cexecution + Crecours + Penalty,

with:
Crecours =

∑
s∈S

ωs

∑
k∈K

ρkrs
k, rs

k = max(0,Ls
k − CT).

The fourth phase decides whether the neighbouring solution should replace the current
solution. If the new solution improves the objective value, it is directly accepted. If it
is worse, it can still be accepted according to a simulated annealing probability. This
mechanism helps the search escape local optima by occasionally accepting non-improving
moves, especially at the beginning of the search when the temperature is still high.
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Algorithm 1 continued: Phase 4 – Acceptance or rejection

(k) Compute:
∆ = F(S′) − F(Scurrent).

(l) If ∆ ≤ 0, accept S′:

Scurrent ← S′, reward = rewardmedium.

(m) Otherwise, accept S′ with simulated annealing probability:

p = exp
(
−
∆

T

)
.

If S′ is accepted, set:

Scurrent ← S′, reward = rewardlow.

Otherwise, reject S′, keep Scurrent, and set:

reward = 0.

The fifth phase updates the best solution found during the search. This step is separated
from the acceptance decision because a solution may be accepted as the current solution
without necessarily being the best solution obtained so far. Whenever the objective value
of the neighbouring solution is better than the best recorded value, the algorithm stores it
as the new best solution and resets the stagnation counter.

Algorithm 1 continued: Phase 5 – Best-solution update

(n) If F(S′) < Fbest, update the best solution:

S∗ ← S′, Fbest ← F(S′),

last_improvement_iter← iter, reward = rewardhigh.

The last phase updates the adaptive components of the algorithm. The destruction and
repair operators used during the iteration receive a reward depending on the quality of the
solution they helped produce. Operators that contribute to better solutions become more
likely to be selected in future iterations. The temperature is also decreased according to
the cooling rate, which progressively reduces the probability of accepting worse solutions.

Algorithm 1 continued: Phase 6 – Adaptive update and stopping

(o) Update the weights of the destruction operators used according to their
contribution and the value of reward.

(p) Update the weights of the repair operators used according to their contri-
bution and the value of reward.

(q) Update the temperature:

T← max(Tmin, βT).

6. Return S∗.

End

88



Overall, the proposed procedure combines three important mechanisms. The de-
struction phase diversifies the search by removing selected operations from the current
solution. The repair phase intensifies the search by reinserting these operations using
problem-specific rules. Finally, the adaptive update and simulated annealing accep-
tance rule help balance exploration and exploitation. This structure allows the proposed
HRC-ALNS to remain close to the general ALNS framework while being adapted to
the deterministic and stochastic characteristics of the studied human–robot collaborative
disassembly problem.

Table 3.7 summarizes the main differences between the deterministic and stochastic
versions of the proposed method.

Table 3.7: Main differences between D-HRC-ALNS and S-HRC-ALNS.
Element D-HRC-ALNS S-HRC-ALNS

Processing times Fixed operation times Scenario-dependent human
operation times

Station loads Nominal loads Loads computed for each sce-
nario

Destruction guid-
ance

Bottlenecks, long tasks, costly
tasks, normal tasks

Recourse, human variabil-
ity, worst scenarios, overload
risk

Repair guidance Cost, duration, load balance,
station opening

Expected recourse, robust-
ness, scenario load balance,
variability separation

Evaluation Station cost, execution cost
and penalty

Station cost, execution
cost, expected recourse and
penalty

Main objective Efficient line configuration
under fixed data

Line configuration less sen-
sitive to human-time uncer-
tainty

3.12 Conclusion

This chapter introduced the proposed HRC-ALNS methodology for solving the multi-
type human–robot collaborative battery disassembly problem. The method is based on
the general principle of Adaptive Large Neighbourhood Search, but it is adapted to
the specific characteristics of the studied problem. The contribution does not consist in
proposing a completely new metaheuristic, but in adapting ALNS to a problem involving
several battery types, human/robot/collaborative execution modes, AND/OR precedence
relations, station assignment decisions and stochastic human operation times.

The chapter first clarified the methodological positioning of the approach. Exact MILP
models remain important because they provide a rigorous formulation and reference
solutions for smaller instances. However, their computational cost increases rapidly
when the number of battery types, tasks and scenarios grows. This motivates the use
of a metaheuristic search procedure capable of exploring larger solution spaces more
efficiently.
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The proposed encoding represents a solution as S = (π, µ, z), where π is the global
operation sequence, µ contains the execution modes, and z stores the active OR choices.
Stations are not directly encoded. They are reconstructed by a decoder, which assigns
operations to stations, determines resource configurations, computes loads and evaluates
recourse in the stochastic case.

The chapter also described the mixed destruction and hybrid repair mechanisms. In
the deterministic version, the operators focus on nominal bottlenecks, long tasks, costly
tasks and flexible normal tasks. In the stochastic version, the operators additionally ex-
ploit scenario information, including recourse, human-time variability and worst-scenario
loads. This distinction leads to two variants: D-HRC-ALNS for the deterministic case and
S-HRC-ALNS for the stochastic case.

Finally, the chapter presented the evaluation functions, simulated annealing accep-
tance rule, adaptive operator weight update and general algorithmic framework. The
next chapter will use this methodology to conduct computational experiments and com-
pare the obtained metaheuristic solutions with the exact MILP results when available.
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Chapter 4
Computational Results of the Proposed
HRC-ALNS Methodology
4.1 Introduction

The previous chapter introduced the proposed HRC-ALNS methodology developed for
the multi-type human–robot collaborative battery disassembly problem. The method
was designed as an adaptation of Adaptive Large Neighbourhood Search to the specific
structure of the studied problem, including multi-battery task sets, execution mode se-
lection, AND/OR precedence relations, station decoding, and deterministic or stochastic
evaluation.

The objective of this chapter is to evaluate the computational performance of the
proposed approach. Two versions are considered. The first one is the deterministic
version, denoted D-HRC-ALNS, which uses fixed operation times. The second one is the
stochastic version, denoted S-HRC-ALNS, which considers scenario-dependent human
operation times and includes recourse costs when station loads exceed the common cycle
time.

The computational study is organized around three main purposes. First, the proposed
method is tested on small instances for which exact MILP results are available. This makes
it possible to evaluate the quality of the metaheuristic solutions by comparison with exact
reference values. Second, the method is applied to larger instances involving four and
five battery types, where exact optimization becomes computationally difficult. Third, the
results are analysed in terms of objective value, opened stations, execution cost, recourse
cost, CPU time, and optimality gap.

The remainder of this chapter is structured as follows. Section 4.2 presents the ex-
perimental design. Section 4.3 compares the proposed HRC-ALNS with the exact MILP
results. Sections 4.4 and 4.5 present the deterministic and stochastic results, respectively.
Section 4.6 discusses the gap and CPU time comparison. Section 4.7 provides a graph-
ical interpretation of the obtained schedules. Finally, the chapter ends with a general
discussion and a conclusion.

4.2 Experimental Design

This section presents the experimental setting used to evaluate the proposed HRC-ALNS
methodology. The same general structure is used for the deterministic and stochastic
versions. The difference between the two cases concerns the treatment of operation times
and recourse. In the deterministic case, operation times are fixed. In the stochastic case,
human operation times depend on scenarios, while robot and collaborative operation
times remain deterministic.
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4.2.1 Implementation Environment

The proposed HRC-ALNS algorithm was implemented in Python 3. The experiments
were carried out on a MacBook Pro Retina 13-inch, Early 2015, running macOS 11.6.7.
The implementation uses Python libraries for data handling, Excel export and graphical
representation of the obtained schedules.

The algorithm generates both numerical results and visual outputs. The numerical
results are exported to Excel files, while the schedules are represented through Gantt
charts. These graphical outputs are used only for interpretation and do not modify the
optimization results.

4.2.2 Test Instances

The proposed method was tested on instances involving one to five battery types. The one-
, two- and three-battery instances correspond to the exact MILP validation cases previously
used as reference. The four- and five-battery instances extend the computational study
in order to evaluate the scalability of the proposed HRC-ALNS methodology when the
exact MILP formulation becomes computationally restrictive.

The composition of the tested instances is summarized in Table 4.1.

Table 4.1: Composition of the tested HRC-ALNS instances

Instance Battery types included Total tasks

1 battery Tesla Model 1 [58] 22
2 batteries Tesla Model 1 [58] and Tesla Model S [12] 44
3 batteries Tesla Model 1 [58], Tesla Model S [12], and

Guangqi Toyota LB7A-FX1 [50]
68

4 batteries Tesla Model 1 [58], Tesla Model S [12], Guangqi
Toyota LB7A-FX1 [50], and Red Flag [31]

94

5 batteries Tesla Model 1 [58], Tesla Model S [12], Guangqi
Toyota LB7A-FX1 [50], Red Flag [31], and Tesla
module with 44 tasks [49]

138

Each instance was solved in both deterministic and stochastic configurations. The
deterministic version is denoted D-HRC-ALNS, while the stochastic version is denoted S-
HRC-ALNS. The one-, two- and three-battery instances are used to validate the proposed
method against exact MILP results. The four- and five-battery instances are used only
to analyse the scalability of the metaheuristic, since no exact MILP reference solution is
available for these larger cases.

4.2.3 Main Parameter Settings

The main cost and configuration parameters are kept consistent with the exact models
used as reference. The station opening cost is fixed at 5000. The human unit cost is equal
to 0.15, while the robot-related cost is calculated using the robot cost coefficient and the
energy coefficient. In the stochastic case, the recourse cost is fixed at 200 per second of
overload. The allowed recourse is bounded by 15% of the cycle time.
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The common cycle time is obtained from the stochastic reference duration and is used
in both deterministic and stochastic experiments. This choice ensures that both versions
are compared under the same line-capacity reference.

Table 4.2: Main HRC-ALNS parameter settings

Parameter Value

Station opening cost 5000
Human unit cost 0.15
Robot cost coefficient 0.1575
Energy coefficient 0.275
Cycle-time factor 2.0
Recourse cost per second 200
Maximum recourse ratio 0.15
Minimum destruction ratio 0.10
Maximum destruction ratio 0.35
Maximum iterations per restart 800
Cooling rate 0.997
Minimum temperature 10−6

At each iteration, the number of removed operations is randomly selected between
10% and 35% of the total number of operations. This variable destruction size allows the
algorithm to alternate between small local modifications and larger perturbations. Small
removals support intensification around promising solutions, while larger removals help
diversify the search.

4.2.4 Stopping Criteria

The stopping criterion is based on the stagnation of the best solution. The algorithm stops
when no improvement of the best objective value is observed during a predefined number
of consecutive iterations.

The deterministic and stochastic versions use different stagnation limits. In the deter-
ministic case, the algorithm stops after 250 consecutive iterations without improvement.
In the stochastic case, the limit is increased to 500 consecutive iterations without improve-
ment because each solution evaluation requires the computation of scenario-dependent
station loads and recourse costs.

Table 4.3: Stopping criteria used in the HRC-ALNS experiments

Version Initial temperature Stagnation limit

D-HRC-ALNS 250 250 iterations without improvement
S-HRC-ALNS 500 500 iterations without improvement

During the search, the temperature is progressively reduced according to the sim-
ulated annealing cooling rule. This mechanism allows the algorithm to accept some
non-improving solutions at the beginning of the search. As the temperature decreases,
the probability of accepting worse solutions becomes lower, and the search gradually
focuses on improving the best solution found.
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4.2.5 Performance Indicators

Several indicators are used to evaluate the proposed method. The first indicator is the
objective value obtained by HRC-ALNS. This value includes the station opening cost, the
execution cost, the recourse cost in the stochastic case, and possible penalties for infeasible
solutions. The second indicator is the number of opened stations. The third indicator is
the CPU time required by the algorithm.

For instances where exact MILP results are available, the quality of the metaheuristic
solution is evaluated using the relative gap:

Gap(%) =
FHRC-ALNS − FMILP

FMILP
× 100. (4.1)

A gap equal to zero means that the metaheuristic reaches the same objective value as
the exact MILP. A positive gap indicates that the HRC-ALNS solution is more expensive
than the exact reference solution. For larger instances, where the exact model becomes
difficult to solve, the analysis focuses on the ability of HRC-ALNS to generate feasible
and interpretable solutions within a reasonable computational time.

4.3 Validation of HRC-ALNS Against Exact MILP Results

Before applying the proposed HRC-ALNS methodology to larger instances, the method
is first validated on small instances for which exact MILP results are available. This vali-
dation step is important because it makes it possible to assess whether the metaheuristic
is able to reproduce, or at least closely approximate, the solutions obtained by the exact
mathematical formulation.

The comparison is performed for the one-, two- and three-battery instances, in both
deterministic and stochastic cases. For each instance, the objective value obtained by
HRC-ALNS is compared with the objective value obtained by the exact MILP. The relative
gap is calculated using the formula presented in Section 4.2.

In addition to the objective value, two CPU time indicators are reported for the meta-
heuristic. The first one is the time required to reach the best solution found during the
search. The second one is the total execution time until the stopping criterion is reached.
This distinction is important because the HRC-ALNS may find its best solution before
the end of the search, while the remaining iterations are used to confirm the absence of
further improvement.

4.3.1 Deterministic Validation

Table 4.4 presents the comparison between the deterministic MILP and D-HRC-ALNS for
the one-, two- and three-battery instances.

Table 4.4: Validation of D-HRC-ALNS against deterministic MILP results
Instance D-HRC-ALNS objective Time to best (s) Total time (s) MILP objective Gap (%)

1 battery 5046.4869 0.50 2.42 5046.4869 0.000000
2 batteries 15087.4450 3.70 18.80 15087.0287 0.002759
3 batteries 29971.6941 16.29 67.48 29971.6941 0.000001
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The deterministic results show that D-HRC-ALNS provides solutions that are very
close to the exact MILP solutions. For the one-battery instance, the metaheuristic reaches
exactly the same objective value as the MILP. For the two-battery instance, the relative
gap is only 0.002759%, which is negligible in practice. For the three-battery instance, the
obtained objective value is again equivalent to the MILP reference value, with a gap close
to zero.

The CPU time comparison also highlights the computational interest of the proposed
metaheuristic. For the three-battery instance, the exact MILP requires 557.9806 seconds,
while D-HRC-ALNS finds its best solution after only 16.29 seconds and stops after 67.48
seconds. This confirms that the metaheuristic is able to reach high-quality solutions much
faster than the exact formulation on the deterministic validation instances.

4.3.2 Stochastic Validation

Table 4.5 presents the comparison between the stochastic MILP and S-HRC-ALNS for the
same set of instances.

Table 4.5: Validation of S-HRC-ALNS against stochastic MILP results
Instance S-HRC-ALNS objective Time to best (s) Total time (s) MILP objective Gap (%)

1 battery 5460.5824 2.80 23.18 5460.5824 0.000000
2 batteries 15088.6599 86.70 174.20 15087.0287 0.010810
3 batteries 29978.0171 470.92 811.60 29971.6941 0.021092

The stochastic validation results confirm the same general trend. For the one-battery
instance, S-HRC-ALNS reaches the same objective value as the exact stochastic MILP. For
the two- and three-battery instances, the gaps remain very small, equal to 0.010810% and
0.021092%, respectively. These values indicate that the stochastic version of the proposed
metaheuristic remains very close to the exact reference solutions, despite the additional
complexity introduced by scenario-dependent human operation times and recourse costs.

The CPU time comparison is particularly significant in the stochastic case. For the
three-battery instance, the stochastic MILP requires 15092.8327 seconds, whereas S-HRC-
ALNS finds its best solution after 470.92 seconds and completes the search after 811.60
seconds. This shows that the proposed method considerably reduces the computational
effort while maintaining a very small optimality gap.

Overall, the validation results show that the proposed HRC-ALNS methodology is able
to reproduce the exact MILP solutions or generate very close approximations on small
instances. This provides confidence in the quality of the metaheuristic before applying it
to larger instances where exact optimization is no longer available.

4.4 Deterministic HRC-ALNS Results

This section presents the results obtained with the deterministic version of the proposed
metaheuristic, denoted D-HRC-ALNS. In this case, operation times are fixed and the objec-
tive function includes the station opening cost, the execution cost and possible penalties.
Since the deterministic evaluation does not include scenarios, no recourse cost is consid-
ered.

The deterministic experiments were carried out on the five tested instances, from one
battery to five batteries. For the one-, two- and three-battery instances, exact MILP results
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are available and were already used for validation in the previous section. For the four-
and five-battery instances, no exact MILP result is available. These two cases are therefore
used to evaluate the ability of the proposed metaheuristic to generate feasible solutions
for larger instances.

Table 4.6 summarizes the deterministic results obtained with D-HRC-ALNS.

Table 4.6: Deterministic results obtained with D-HRC-ALNS
Instance Objective Station cost Execution cost Opened stations Time to best (s) Total time (s)

1 battery 5046.4869 5000 46.4869 1 0.50 2.42
2 batteries 15087.4450 15000 87.4450 3 3.70 18.80
3 batteries 29971.6941 25000 4971.6941 5 16.29 67.48
4 batteries 18967.7876 15000 3967.7876 3 135.39 308.97
5 batteries 23229.2595 20000 3229.2595 4 405.30 937.10

The results show that D-HRC-ALNS is able to generate feasible deterministic solutions
for all tested instances. In all cases, the penalty value is equal to zero, which confirms that
the solutions respect the main feasibility requirements imposed by the decoder, including
precedence relations, station order and cycle-time limitations.

For the one-battery instance, the algorithm opens one station and reaches the best
solution in only 0.50 seconds. This result confirms that the proposed encoding and
decoding mechanism is able to reproduce the exact solution structure for a small instance.
For the two-battery instance, the number of opened stations increases to three, with a total
objective value of 15087.4450. The best solution is reached after 3.70 seconds, while the
complete search stops after 18.80 seconds.

For the three-battery instance, D-HRC-ALNS opens five stations and obtains an ob-
jective value of 29971.6941. Although the instance is larger, the best solution is found
after 16.29 seconds, and the total execution time remains limited to 67.48 seconds. This
confirms that the deterministic version of the proposed method remains computationally
efficient for instances where the exact MILP already requires a much longer resolution
time.

For the four- and five-battery instances, the absence of MILP reference values prevents
the calculation of an optimality gap. However, the obtained results show that the proposed
metaheuristic remains able to construct feasible and interpretable line configurations.
The four-battery instance is solved with three opened stations and a total execution time
of 308.97 seconds. The five-battery instance requires four opened stations and a total
execution time of 937.10 seconds.

It is important to note that the objective values should not be interpreted only as a
function of the number of batteries. The instances differ in terms of product composition,
task durations, execution modes and weighted execution costs. Therefore, the increase
in the number of battery types does not necessarily lead to a strictly increasing objective
value. The most relevant interpretation is related to feasibility, number of opened stations,
computational time and scalability.

Overall, the deterministic results show that D-HRC-ALNS provides high-quality so-
lutions for small instances and remains applicable to larger instances where exact opti-
mization is not available. The distinction between the time to best solution and the total
execution time also shows that the algorithm often identifies its best solution before the
stopping criterion is reached. The remaining iterations are mainly used to verify that no
further improvement can be obtained within the allowed stagnation limit.
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4.5 Stochastic HRC-ALNS Results

This section presents the results obtained with the stochastic version of the proposed
metaheuristic, denoted S-HRC-ALNS. In this version, human operation times are scenario-
dependent, while robot and collaborative operation times remain deterministic. The ob-
jective function includes station opening cost, weighted execution cost, expected recourse
cost and possible penalties.

The stochastic experiments were carried out on the five tested instances. For the one-,
two- and three-battery instances, exact MILP results were available and were used in the
validation section. For the four- and five-battery instances, no MILP result was available,
and the analysis therefore focuses on the ability of S-HRC-ALNS to generate feasible
solutions under uncertainty.

Table 4.7 summarizes the stochastic results obtained with S-HRC-ALNS.

Table 4.7: Stochastic results obtained with S-HRC-ALNS
Instance Objective Station cost Execution cost Expected recourse Opened stations Time to best (s) Total time (s)

1 battery 5460.5824 5000 48.6224 411.9600 1 2.80 23.18
2 batteries 15088.6599 15000 88.6599 0.0000 3 86.73 174.20
3 batteries 29978.0171 25000 4978.0171 0.0000 5 470.92 811.60
4 batteries 18968.9719 15000 3968.9719 0.0000 3 1630.09 2656.63
5 batteries 23232.9465 20000 3232.9465 0.0000 4 5519.40 8395.21

The results show that S-HRC-ALNS is able to generate feasible stochastic solutions
for all tested instances. In all cases, the penalty value is equal to zero, which means that
the solutions returned by the decoder satisfy the main feasibility requirements, includ-
ing precedence relations, station order, resource compatibility and the allowed recourse
bound.

For the one-battery instance, the algorithm opens one station and obtains an objective
value of 5460.5824. In this case, an expected recourse cost of 411.9600 is observed. This
means that, under some human-time scenarios, the station load exceeds the common
cycle time, but the overload remains within the authorized recourse limit. Therefore, the
solution remains feasible, but the uncertainty generates an additional cost.

For the two- and three-battery instances, the expected recourse cost is equal to zero.
This indicates that the selected station configurations are robust enough to absorb the
scenario-dependent variation of human operation times without exceeding the common
cycle time. The two-battery instance opens three stations, while the three-battery instance
opens five stations. These results are consistent with the increase in the number of
operations and precedence constraints.

For the four- and five-battery instances, no exact MILP solution is available. Never-
theless, S-HRC-ALNS provides feasible line configurations with zero penalty and zero
expected recourse cost. The four-battery instance is solved with three opened stations
and an objective value of 18968.9719. The five-battery instance is solved with four opened
stations and an objective value of 23232.9465.

The CPU time increases with the size and complexity of the instance. This behaviour
is expected because the stochastic version evaluates each candidate solution across all
scenarios. For the five-battery instance, the best solution is reached after 5519.40 seconds,
while the total execution time until stagnation is 8395.21 seconds. This distinction shows
that the best solution is found before the end of the search, and that the remaining iterations
mainly confirm that no better solution is found within the stagnation limit.

Overall, the stochastic results confirm that S-HRC-ALNS remains applicable even
when uncertainty is introduced. The method is able to combine sequence construction,
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execution mode selection, station decoding and recourse evaluation within the same
search process. The absence of penalties in all instances also confirms the reliability of the
decoding and repair mechanisms used to maintain feasible solutions.

4.6 Comparison and Gap Analysis

This section compares the computational behaviour of the exact MILP approach and
the proposed HRC-ALNS methodology. The comparison is based on objective values,
optimality gaps and CPU times. For the one-, two- and three-battery instances, MILP
results are available and can therefore be used as reference values. For the four- and five-
battery instances, the MILP results are not available, which confirms the computational
difficulty of the exact formulation for larger cases.

4.6.1 Deterministic Comparison

Table 4.8 summarizes the deterministic comparison between the exact MILP and D-HRC-
ALNS.

Table 4.8: Deterministic comparison between MILP and D-HRC-ALNS
Instance D-HRC-ALNS objective Time to best (s) Total time (s) MILP objective MILP CPU time (s) Gap (%)

1 battery 5046.4869 0.50 2.42 5046.4869 2.3920 0.000000
2 batteries 15087.4450 3.70 18.80 15087.0287 35.4773 0.002759
3 batteries 29971.6941 16.29 67.48 29971.6941 557.9806 0.000001
4 batteries 18967.7876 135.39 308.97 – – –
5 batteries 23229.2595 405.30 937.10 – – –

For the deterministic case, the results show that D-HRC-ALNS reaches solutions that
are almost identical to the exact MILP results on the validation instances. The gap is
equal to zero for the one-battery instance, very close to zero for the three-battery instance,
and only 0.002759% for the two-battery instance. These values confirm that the proposed
metaheuristic preserves a very high level of solution quality.

The CPU time comparison shows the computational advantage of D-HRC-ALNS. For
the two-battery instance, the MILP requires 35.4773 seconds, while the metaheuristic
finds its best solution in 3.70 seconds and stops after 18.80 seconds. For the three-battery
instance, the difference becomes more significant. The MILP requires 557.9806 seconds,
whereas D-HRC-ALNS reaches its best solution in 16.29 seconds and stops after 67.48
seconds.

For the four- and five-battery deterministic instances, no MILP reference is available. In
these cases, D-HRC-ALNS is used as the main resolution approach. The method provides
feasible solutions within 308.97 seconds for the four-battery instance and 937.10 seconds
for the five-battery instance. These results show that the proposed method remains
applicable when the exact formulation becomes difficult to use.

4.6.2 Stochastic Comparison

Table 4.9 presents the stochastic comparison between the exact MILP and S-HRC-ALNS.
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Table 4.9: Stochastic comparison between MILP and S-HRC-ALNS
Instance S-HRC-ALNS objective Time to best (s) Total time (s) MILP objective MILP CPU time (s) Gap (%)

1 battery 5460.5824 2.80 23.18 5460.5824 42.5012 0.000000
2 batteries 15088.6599 86.70 174.20 15087.0287 698.8258 0.010810
3 batteries 29978.0171 470.92 811.60 29971.6941 15092.8327 0.021092
4 batteries 18968.9719 1630.09 2656.63 – – –
5 batteries 23232.9465 5519.40 8395.21 – – –

The stochastic comparison confirms the same general behaviour, but with higher CPU
times due to the additional scenario-based evaluation. For the one-battery instance,
S-HRC-ALNS reaches exactly the same objective value as the stochastic MILP. For the
two- and three-battery instances, the gaps remain very small, equal to 0.010810% and
0.021092%, respectively.

The CPU time reduction is particularly important in the stochastic case. For the three-
battery instance, the exact MILP requires 15092.8327 seconds, while S-HRC-ALNS finds
its best solution after 470.92 seconds and stops after 811.60 seconds. This result shows
that the proposed stochastic metaheuristic provides near-optimal solutions with a much
lower computational effort.

For the four- and five-battery stochastic instances, the MILP results are not avail-
able. Nevertheless, S-HRC-ALNS produces feasible solutions while explicitly considering
scenario-dependent human operation times and recourse costs. The increase in total CPU
time for these instances is expected because each candidate solution must be decoded and
evaluated across all scenarios.

4.6.3 Interpretation of the Gap Results

The gap values obtained for the validation instances are very small in both deterministic
and stochastic cases. This confirms that the proposed HRC-ALNS methodology is able
to reproduce the behaviour of the exact model on small instances while requiring less
computational time.

The deterministic gaps are almost equal to zero, which indicates that the deterministic
version of the metaheuristic is very effective when operation times are fixed. The stochastic
gaps are slightly higher, but they remain below 0.03%. This increase is expected because
the stochastic case is more complex: the same solution must remain efficient over several
scenarios, and the evaluation includes expected recourse.

The comparison also shows that the time required to reach the best solution is always
smaller than the total execution time. This means that the algorithm often identifies its
best solution before the stopping criterion is reached. The remaining iterations are used to
continue the exploration and confirm that no better solution is found within the stagnation
limit.

Overall, the comparison demonstrates that HRC-ALNS offers a strong compromise
between solution quality and computational effort. It provides solutions that are very
close to the MILP results for small instances and remains applicable to larger instances
where the exact model is no longer available.

4.7 Graphical Analysis of the Obtained Schedules

In addition to the numerical results, the obtained solutions are analysed graphically using
Gantt charts. These diagrams make it possible to visualize the assignment of tasks to
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stations, the use of human and robotic resources, the position of collaborative tasks, and
the compacted execution time inside each station.

The Gantt charts are not used to compute the objective value. They are generated after
the optimization process in order to interpret the final decoded solution. Each opened
station is represented with its corresponding resources. When a station contains both
human and robotic resources, the station is divided into two lines: one for the human
operator and one for the robot. Collaborative tasks appear on both lines because they
require simultaneous human–robot execution.

4.7.1 Deterministic Gantt Charts

The deterministic Gantt charts represent the schedules obtained with D-HRC-ALNS using
nominal operation times. These charts allow the verification of the compacted workload
inside each station and show how the decoder distributes human, robotic and collaborative
tasks.

Figures 4.1–4.5 present the deterministic Gantt charts for the tested instances.

Figure 4.1: Deterministic Gantt chart obtained with D-HRC-ALNS for the one-battery
instance.

Figure 4.2: Deterministic Gantt chart obtained with D-HRC-ALNS for the two-battery
instance.
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Figure 4.3: Deterministic Gantt chart obtained with D-HRC-ALNS for the three-battery
instance.

Figure 4.4: Deterministic Gantt chart obtained with D-HRC-ALNS for the four-battery
instance.

Figure 4.5: Deterministic Gantt chart obtained with D-HRC-ALNS for the five-battery
instance.

The deterministic Gantt charts show that the decoder produces compact line config-
urations while respecting the physical order of stations. Human-only tasks, robot-only
tasks and collaborative tasks are assigned to compatible stations. The presence of collab-
orative tasks on both human and robot lines confirms that these operations require both
resources at the same station.
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For the larger instances, the charts are particularly useful because the numerical objec-
tive value alone does not show how the tasks are distributed. The visual representation
helps identify station workloads, possible bottleneck stations and the distribution of tasks
among resources.

4.7.2 Stochastic Gantt Charts

The stochastic Gantt charts are generated for scenario 1 in order to illustrate one possible
realization of the uncertain human operation times. The line configuration itself remains
the solution obtained by S-HRC-ALNS, while the displayed task durations correspond to
the selected scenario.

Figures 4.6–4.10 present the stochastic Gantt charts for the tested instances.

Figure 4.6: Stochastic Gantt chart obtained with S-HRC-ALNS for the one-battery instance,
scenario 1.

Figure 4.7: Stochastic Gantt chart obtained with S-HRC-ALNS for the two-battery instance,
scenario 1.
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Figure 4.8: Stochastic Gantt chart obtained with S-HRC-ALNS for the three-battery in-
stance, scenario 1.

Figure 4.9: Stochastic Gantt chart obtained with S-HRC-ALNS for the four-battery in-
stance, scenario 1.

Figure 4.10: Stochastic Gantt chart obtained with S-HRC-ALNS for the five-battery in-
stance, scenario 1.

The stochastic Gantt charts provide an interpretation of how uncertainty affects the
final schedule. Human task durations may vary from one scenario to another, which can
modify station loads and create recourse in some cases. However, the obtained solutions
remain feasible because the recourse is bounded and penalties are avoided.
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For the one-battery stochastic instance, the numerical results show a positive expected
recourse cost. This means that some scenario-dependent loads exceed the common cycle
time within the allowed limit. For the other stochastic instances, the expected recourse cost
is equal to zero, which indicates that the station configurations obtained by S-HRC-ALNS
are sufficiently robust with respect to the tested scenarios.

Overall, the graphical analysis supports the numerical results. It confirms that the
proposed decoder generates coherent station assignments, that the resource compatibility
constraints are respected, and that collaborative tasks are correctly represented on both
human and robot resource lines.

4.8 Discussion

The computational results provide several observations regarding the behaviour of the
proposed HRC-ALNS methodology. The first observation concerns solution quality. On
the instances where exact MILP results are available, the obtained gaps are extremely
small. This confirms that the proposed metaheuristic is able to approximate the exact
mathematical model very closely. In the deterministic case, the gap is almost zero for
all validation instances. In the stochastic case, the gaps remain below 0.03%, despite
the additional complexity introduced by scenario-dependent human operation times and
recourse evaluation.

The second observation concerns computational time. The exact MILP is useful for
small instances because it provides reference optimal solutions, but its computational cost
increases rapidly as the number of batteries and tasks grows. In contrast, HRC-ALNS
is able to reach high-quality solutions in shorter times for the validation instances and
remains applicable to the four- and five-battery instances. This confirms the interest
of using the metaheuristic as a complementary approach when the exact formulation
becomes computationally restrictive.

The third observation concerns the difference between the deterministic and stochastic
versions. S-HRC-ALNS requires higher CPU times than D-HRC-ALNS because each
candidate solution must be evaluated over all scenarios. This additional computational
effort is expected. However, the stochastic version provides more information because it
evaluates the robustness of station loads under uncertain human operation times. The
presence or absence of recourse costs allows a better understanding of the sensitivity of
the line configuration to uncertainty.

The fourth observation concerns the role of the decoder. The results show that the
proposed encoding alone is not sufficient; the decoder is essential to transform the internal
representation into a feasible line configuration. By assigning tasks to stations after each
modification of the sequence and modes, the decoder maintains the physical station order,
respects precedence relations and computes station loads consistently. This validates the
methodological choice made in Chapter 3, where stations were not directly encoded in
the solution representation.

The fifth observation concerns the mixed destruction and hybrid repair mechanisms.
The results indicate that these mechanisms are able to modify the solution without de-
stroying its feasibility. By targeting bottleneck stations, long tasks, costly tasks, normal
tasks, recourse stations or high-variability human tasks, the destruction phase explores
relevant parts of the solution. The repair phase then reinserts removed operations using
rules adapted to the cause of their removal. This coupling contributes to the stability of
the search and to the quality of the final solutions.
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For the large instances, the absence of MILP solutions means that no exact optimality
gap can be reported. Therefore, the interpretation focuses on feasibility, computational
time and the structure of the obtained schedules. The fact that the proposed method
generates feasible solutions with zero penalty for the four- and five-battery instances
supports the scalability of the approach. Nevertheless, since the optimal solution is
unknown for these instances, the obtained results should be interpreted as high-quality
feasible solutions rather than proven optimal solutions.

Overall, the results confirm the relevance of the proposed HRC-ALNS methodology.
The method preserves the modelling logic of the exact formulation while providing a
more flexible and scalable search process. This makes it suitable for larger multi-battery
disassembly instances where exact optimization alone is not sufficient.

4.9 Conclusion

This chapter presented the computational results obtained with the proposed HRC-ALNS
methodology. The deterministic and stochastic versions were tested on instances involv-
ing one to five battery types. The one-, two- and three-battery instances were used for
validation against exact MILP results, while the four- and five-battery instances were used
to assess the scalability of the proposed approach.

The validation results show that D-HRC-ALNS and S-HRC-ALNS produce solutions
that are very close to the exact MILP solutions. In the deterministic case, the gaps are
almost equal to zero. In the stochastic case, the gaps remain very small, even when
scenario-dependent human operation times and recourse costs are considered. These re-
sults confirm the quality of the proposed metaheuristic on instances where exact reference
values are available.

The computational results also show that HRC-ALNS reduces the resolution effort
compared with the exact formulation. The distinction between the time to best solution
and the total time until stagnation shows that the best solution is often reached before the
end of the search. The remaining iterations mainly serve to continue the exploration and
confirm that no further improvement is found within the stopping criterion.

For the four- and five-battery instances, the exact MILP results were not available.
However, the proposed metaheuristic was able to generate feasible and interpretable
solutions in both deterministic and stochastic cases. This confirms the usefulness of HRC-
ALNS as a scalable approach for larger multi-type battery disassembly line balancing
problems.

Finally, the graphical analysis based on Gantt charts provided a visual interpretation of
the obtained solutions. It showed the distribution of tasks across stations, the use of human
and robotic resources, and the placement of collaborative operations. These visual results
support the numerical analysis and confirm that the final decoded schedules are coherent
with the structure of the studied human–robot collaborative disassembly problem.

The next part of the dissertation summarizes the main conclusions of the work, dis-
cusses its limitations, and presents possible perspectives for future research.

105



General Conclusion
This thesis addressed the optimization of a multi-type human–robot collaborative bat-
tery disassembly line. The studied problem belongs to the family of complex industrial
optimization problems because it combines several interdependent decisions: task se-
quencing, station opening, task-to-station assignment, execution mode selection, resource
compatibility, precedence constraints, cycle-time limitations, and uncertainty in human
operation times.

The work was motivated by the fact that exact mathematical models, although rigorous
and useful for small instances, become increasingly difficult to solve when the number
of battery types, tasks, stations, resources, and scenarios increases. In such a context, a
scalable solution approach is required in order to obtain good-quality solutions within
reasonable computational time.

The first chapter introduced the main optimization concepts required to understand
the methodological background of the thesis. It presented the structure of optimiza-
tion problems, mathematical programming, line balancing, scheduling, exact methods,
heuristics, metaheuristics, and optimization under uncertainty. This chapter showed why
industrial planning problems can become highly combinatorial and why exact methods
may need to be complemented by metaheuristic approaches for larger instances.

The second chapter reviewed the literature related to disassembly planning, elec-
tric vehicle battery disassembly, human–robot collaboration, uncertainty modelling, and
multi-product disassembly lines. The review showed that existing studies have addressed
several important aspects of the problem, such as disassembly sequence planning, line
balancing, robotic disassembly, stochastic task durations, and human–robot collaboration.
However, the simultaneous integration of multi-type battery disassembly, human/robot/-
collaborative execution modes, AND/OR precedence relations, and stochastic human
operation times remains limited.

The third chapter presented the proposed HRC-ALNS methodology. The method
was not introduced as a completely new independent metaheuristic, but as a problem-
specific adaptation of Adaptive Large Neighbourhood Search to the studied disassembly
line problem. The proposed solution representation is based on three components: the
global operation sequence, the execution mode vector, and the active OR precedence
choices. Stations are not directly encoded; they are reconstructed by a decoder that assigns
operations to stations, determines station types, computes station loads, and evaluates
the objective function.

The fourth chapter evaluated the proposed methodology through computational ex-
periments. The method was tested on instances involving one to five battery types, in
both deterministic and stochastic cases. For the one-, two-, and three-battery instances,
exact MILP results were available and used as reference solutions. For the four- and five-
battery instances, the MILP reference was not available, and the proposed metaheuristic
was used as the main solution approach.

Main Contribution and Added Value

The main contribution of this thesis is the adaptation of an ALNS-based metaheuristic to
a multi-type human–robot collaborative battery disassembly line problem. The proposed

106



method, denoted HRC-ALNS, integrates the main structural characteristics of the stud-
ied problem, including several battery types, task precedence relations, execution mode
selection, station decoding, and deterministic or stochastic evaluation.

A first added value lies in the proposed solution encoding. Instead of directly encod-
ing station assignments, the solution is represented by the triplet S = (π, µ, z), where π
represents the global operation sequence, µ represents the execution modes, and z rep-
resents the active OR choices. This representation makes the search more flexible and
avoids generating too many infeasible solutions during the destruction and repair phases.

A second added value is the decoding mechanism. The decoder transforms the internal
representation into a complete line configuration by assigning operations to stations,
respecting the physical order of stations, determining the required resources, computing
station loads, and evaluating feasibility. In the stochastic case, the decoder also evaluates
scenario-dependent loads and recourse values.

A third contribution concerns the design of mixed destruction and hybrid repair mech-
anisms. In the deterministic version, the destruction and repair operators target bottleneck
stations, long tasks, costly tasks, and flexible normal tasks. In the stochastic version, addi-
tional information is used, such as recourse, human-time variability, and worst-scenario
station loads. This allows the method to adapt the search process to the real weaknesses
of each candidate solution.

The computational results confirmed the relevance of the proposed approach. For the
validation instances, the gaps between HRC-ALNS and the exact MILP results remained
very small. In the deterministic case, the maximum gap was only 0.002759%. In the
stochastic case, the gaps were also limited, reaching 0.010810% for the two-battery instance
and 0.021092% for the three-battery instance. These results show that the proposed
metaheuristic is able to provide solutions very close to the exact reference values.

The CPU time results also showed the computational interest of the proposed method.
HRC-ALNS often reached its best solution before the end of the search, while the re-
maining iterations were used to confirm the absence of further improvement. For larger
instances involving four and five battery types, where no exact MILP solution was avail-
able, the proposed method was still able to generate feasible and interpretable solutions.
This confirms the added value of HRC-ALNS as a scalable solution approach for larger
disassembly line instances.

Limitations and Perspectives

Despite the obtained results, some limitations remain. First, the computational experi-
ments were conducted on a limited set of battery instances. Although these instances
were sufficient to validate the proposed method and analyse its behaviour, additional
tests on larger and more diverse industrial data would strengthen the generality of the
conclusions.

Second, the stochastic version considers uncertainty only in human operation times.
This is an important source of variability in human–robot collaborative disassembly, but
it is not the only one. In real disassembly systems, uncertainty may also affect prod-
uct condition, task feasibility, component accessibility, robot availability, tool reliability,
and safety conditions. Future work could extend the stochastic model to include these
additional sources of uncertainty.

Third, the proposed objective function is mono-objective and mainly cost-oriented.
This choice makes the evaluation clear and operational, but other criteria could also
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be relevant. For example, ergonomic risk, safety exposure, workload balance, energy
consumption, environmental impact, or recovery value could be integrated into future
formulations. A multi-objective extension would make it possible to analyse trade-offs
between cost, safety, robustness, and operational performance.

Fourth, the proposed HRC-ALNS was evaluated using predefined parameters. Al-
though these parameters provided good results in the tested instances, a more systematic
calibration could improve the performance of the algorithm. Future work could include
parameter tuning methods or adaptive parameter control during the search.

Several perspectives can therefore be proposed. A first direction is to test the proposed
method on additional battery architectures and larger industrial-scale instances. In par-
ticular, future work will consider a higher number of battery types in order to evaluate
the scalability of the proposed HRC-ALNS on more complex multi-product disassembly
lines. A second direction is to improve the stochastic modelling by increasing the number
of scenarios used to represent human operation time variability. Working with a larger
scenario set would make it possible to better evaluate the robustness of the obtained
solutions under uncertainty. A third direction is to extend the method toward a multi-
objective framework in order to analyse trade-offs between cost, safety, workload balance
and robustness. Another possible extension is to combine the proposed metaheuristic
with simulation-based evaluation in order to analyse dynamic aspects of the disassembly
line, such as waiting times, resource availability, and operational disturbances.

In future work, the objective will therefore be to extend the computational study
to a larger number of batteries and to a richer set of stochastic scenarios, in order to
further test the robustness, scalability and industrial relevance of the proposed HRC-
ALNS methodology.

In conclusion, this work shows that metaheuristic optimization can provide an ef-
fective and flexible solution approach for complex human–robot collaborative battery
disassembly line problems. Exact MILP models remain valuable for defining the problem
rigorously and validating small instances, but the proposed HRC-ALNS offers a more
scalable alternative for larger cases. By combining problem-specific encoding, decoding,
adaptive neighbourhood search, and stochastic evaluation, the methodology developed in
this thesis contributes to the optimization of future flexible and collaborative disassembly
systems.
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