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ARTICLE INFO ABSTRACT
Dataset link: https://github.com/PierreHemon Industry 5.0 represents a paradigm shift toward human-centric, resilient, and sustainable production systems.
o/Dynamic-Behavior-Tree/tree/main At the core of this transformation lies digital twins, which enable predictive and prescriptive analytics in real

time, improving decision-making capabilities such as visibility, transparency, and collaboration. By integrating
Human—robot collaboration advanced AI algorithms for data interpretation and facilitating seamless human-machine interactions, digital
Digital twin twins address critical challenges in modern industrial systems. This article explores the transformative role
Industry 5.0 of digital twins in operational decision-making, focusing on their ability to optimize workflows, and foster
Human factors collaboration between humans and robots. Through a dual-layer methodology macro-level task scheduling
for efficiency and consideration of human factors and micro-level real-time control for adaptability, digital
twins offer a powerful framework for aligning human and robotic capabilities while mitigating human
fatigue and improving decision transparency. Highlighting applications in digital transformation, optimization,
and human-AI collaboration, this study emphasizes how digital twins enhance operational visibility and
resilience. The findings contribute to the evolution of Industry 5.0, offering innovative solutions for integrating
predictive models and human-centered approaches in decision-making, redefining the future of sustainable and
collaborative industrial systems.

Keywords:

1. Introduction and ergonomic aspects of both software and hardware elements (Rega
et al., 2021). Designing applications for collaborative robotics involves

The Fifth Industrial Revolution introduces a range of new prospects inherent complexities, necessitating meticulous planning and execu-
and difficulties, underscoring the necessity of positioning humans as tion. Furthermore, research indicates that human considerations are
the central focus in industrial operations. To accomplish this, it is nec- frequently neglected in the design of human-robot interactions (Hé-
essary for manufacturers to aim for improved adaptability of existing mono et al., 2025; Sgarbossa et al., 2020), resulting in challenges when
workshop equipment, thus reinforcing humans essential contribution. re-integrating humans into the process. To address these challenges,

Human-robot collaboration (HRC) is a key tool for accomplishing
this transition toward an increased human presence in the production
process (George and George, 2020). However, effectively enabling
this collaboration requires meticulous planning and execution of the
collaborative work design.

Creating collaborative applications in robotics encounters naturally
intricate obstacles. Primarily, collaborative robots are employed to au-
tomate activities, which frequently results in a reduced involvement of
human workers. These difficulties arise from various factors, including
how well robots are integrated and accepted by human workers in
manufacturing environments, adherence to implementation standards,

it has become essential to develop innovative approaches for task
allocation that optimize seamless integration of cobots in workshops.
This involves not only improving productivity but also improving the
working conditions of human operators. By assigning high-value tasks
to humans, collaboration between human workers and cobots can lead
to increased worker satisfaction and the cultivation of valuable skills.
Trust is also a critical factor in the collaboration between humans and
robots, as highlighted in Chen et al. (2020), and is essential for user
acceptance of robotic systems. The reliability and predictability of a
coworker, whether human or robotic, are paramount in high-value
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workstations where errors can incur significant costs for the employ-
ing companies. Ensuring effective collaboration necessitates that both
human and robotic collaborators meet the same stringent standards
of reliability and predictability to maintain seamless and productive
operations.

In recent decades, advances in perception, reasoning, and artificial
intelligence (AI), particularly machine learning and deep learning, have
significantly enhanced robot capabilities (Premebida et al., 2018). Al
plays an essential role in Industry 5.0, facilitating the development
of smarter and more efficient manufacturing processes (Zafar et al.,
2024). These innovations enable robots to plan and execute complex
actions, adapt to dynamic environments, and collaborate effectively
within diverse human-robot teams, playing essential roles in trajectory
planning and intelligent control.

Despite these advancements, trust in robotic systems continues to
be limited, as the actions carried out by robots are often not clear or
anticipated by human coworkers (De Graaf et al., 2021). The need for
flexibility and transparency grows with the increase in responsibilities
and tasks assigned to robots. The seamless human-robot collaboration
requires the equipping of robots with cognitive capabilities that enable
their awareness of the environment (Dimitropoulos et al., 2021). The
significance of cognitive systems in improving the efficiency of auto-
mated operations has been recognized, particularly in the context of
assembly and disassembly tasks, as highlighted by Li et al. (2018),
Choux et al. (2021). This is increasingly pertinent as the demand for
customized products grows and the necessity for material reuse trans-
forms production material supply dynamics. A production line must
be versatile enough to handle a myriad of products to maintain cost-
effectiveness. Although there have been advancements, there is still
ample potential for enhancement, thus making it an ongoing research
challenge.

To improve the clarity and comprehension of robot actions and
consequently strengthen the trust of human partners in human-robot
interaction, actions must be organized in a logical sequence. A pre-
dictable and systematic flow of actions is critical for building trust
among human collaborators working with robots. Effectively address-
ing these requirements requires planning on both macro and micro
levels. Lou et al. (2024) shows that very few studies simultaneously
consider task scheduling (including allocation and sequencing) and task
execution. Among those who do, none address both the specific abilities
of humans and robots and the unique requirements of collaborative
joint tasks.

This framework can be seen as a dual-level configuration addressing
the identified challenges: establishing a robust human-robot collabora-
tion scheme and ensuring adaptability and responsiveness to occurring
events.

At the macro level, scheduling models such as the Flexible Job Shop
Scheduling (FJSP) and the Assembly Line Balancing Problem (ALBP)
play pivotal roles in coordinating the collaborative efforts of humans
and robots. These models ensure that tasks are allocated in a way that
optimizes overall workflow and productivity while considering human
comfort and ergonomics (Hémono et al., 2023).

The importance of ergonomics in activity scheduling is well es-
tablished. Well-designed ergonomic considerations can yield a return
on investment between 1:2 and 1:10 within 24 months. Furthermore,
corrective actions due to ergonomic errors in workplace design are
significantly more expensive, being 9.2 times more expensive than
preventive actions, as highlighted in Ghorbani et al. (2023), Hendrick
(2008), and Falck and Rosenqvist (2014). Studies such as (Kheirabadi
et al., 2023) have illustrated that, despite an increased focus on human
factors (HF) such as ergonomics and safety over the last 10 years,
around 25% of the research on task scheduling in ALBP from 2017
to 2023 and about 37% of the articles on task scheduling in Col-
laborative Robotic Assembly Line Balancing Problems (CRALBP) from
2019 to 2023 still do not address dynamic control solutions crucial for
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Industry 5.0. This deficiency in dynamic control affects the responsive-
ness and adaptability of robots, which is essential for building human
trust. Robots need to demonstrate intelligent behavior and real-time
adaptability to operator needs in order to become more reliable and
predictable, thereby fostering human trust.

On a micro level, the control framework for executing robot actions
is essential for planning robot activities in accordance with opera-
tional requirements. Among various control frameworks, BTs have
demonstrated superior performance and responsiveness in dynamic
environments. Due to their modular structure, BTs have surpassed
Hierarchical Finite State Machines (HFSMs) in terms of performance,
readability, and ease of design, as shown in Iovino et al. (2022). They
are also easier to extend, reuse, and adapt. The automatic generation
of BTs for robotic action planning facilitates the execution of detailed
and adaptable task schemes. BTs dynamically adapt to robot tasks
and environmental interactions, improving their responsiveness and
reliability in their roles. This highlights the necessity of advanced
and adaptive action planning methods as a foundation for achiev-
ing resilient human-robot interaction in dynamic industrial settings.
Several methods exist to automatically generate BTs, including learn-
ing methods, evolutionary methods, and high-level planning methods
such as Planning Domain Definition Language (PDDL), Task and Mo-
tion Planning (TAMP), or Hierarchical Tasks Networks (HTN). Each
method presents distinct benefits for structuring and organizing robotic
tasks, resulting in more intuitive and reliable human-robot interac-
tions. By offering greater flexibility and responsiveness, BTs address
trust concerns, ensuring consistent and comprehensible behaviors. The
20 challenges highlighted in Karuppiah et al. (2023) emphasize the
necessity for a combined approach of high-level (macro) and low-
level (micro) planning to enhance human-robot collaboration (HRC) in
Industry 5.0. These challenges underscore the importance of improving
flexibility, reactivity, and trust in robotic systems to achieve effective
and safe human-robot interactions.

The automation of behavior design and testing concerning the
reliability of decision-making in robots operating within collaborative
frameworks can be conceptualized as a Digital Twin (DT). This ap-
proach highlights the potential for resilience and flexibility in dynamic
scheduling and control, which are essential elements that are often
lacking in the successful integration of collaborative robots in industrial
settings (Zafar et al., 2024).

In summary, there is a critical need for advanced planning and
control methods that address the limitations of traditional scheduling
approaches while enhancing the flexibility, reactivity, and safety of
human-robot collaborations.

DT is experiencing significant growth with a market predicted to
reach 35 billion by 2025 (Marketsandmarkets.com, 2020). DT has
first been used to test on a virtual prototype without affecting real
operations, for example, in maintenance process as in Roy et al. (2016).
DT considering human factors has started to spread since 2015, but
only from 2019 there is a notable acceleration in considering this
matter (Berti and Finco, 2022). This acceleration is related to the
emerging paradigm of industry 5.0 which, since 2020, shows interest
in human-centricity at the heart of activities (E. Commission, D.-G.
for Research, Innovation et al., 2021). Digital Twin, as found in Berti
and Finco (2022), allows the conceptualization of systems where the
data are shared both from the physical system to the numeric model
and conversely. The use of DT combined to a scheduling model with
consideration of human factors represents an opportunity to improve
the dynamic control at micro-level and ensure that the realization of
optimal plan is possible even if non-predictable events arrive in the
environment.

This paper addresses the integration of macro-level scheduling using
high-level optimization with micro-level execution modeled through
a Digital Twin incorporating automatically generated Behavior Trees.
The focus is on exploring how this dual-level approach can enhance
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human-robot collaboration by improving adaptability, transparency,
and trust in robotic systems.

Given these challenges and the current state of research, this study
seeks to address the following research questions:

1. How can digital twins (DTs) and dynamic scheduling enhance
human-robot collaboration in industrial settings ?

2. What are the gaps in the current literature on digital twins,
particularly concerning human factors and dynamic control ?

3. How can behavior trees (BTs) be utilized to improve the adapt-
ability and transparency of robotic systems in collaborative en-
vironments ?

To frame this discussion, a concise state-of-the-art review will be
presented that identifies two key areas. Digital Twins addressing human
factors in manufacturing and the automatic generation of Behavior
Trees. DTs are examined for their potential to bridge the gap between
current practices and the requirements of advanced human-robot col-
laboration, emphasizing human-centric design and interaction.

The paper will also explore Behavior Trees as a tool for dynamic
robotic behavior programming. Their ability to manage goals, sub-
goals, and preconditions in real time makes them a valuable component
for improving responsiveness in task execution. By integrating auto-
matically generated BTs into a Digital Twin framework, the proposed
approach creates a dynamic and adaptive system. This integration not
only enables robots to respond effectively to unforeseen environmen-
tal changes but also provides a clear and interpretable structure for
task execution, fostering operator trust and collaboration in shared
environments.

The main contributions of this work are as follows:

+ Integration of High-Level Scheduling with a Digital Twin:
Development of a pipeline combining high-level optimization
(Gurobi Optimization, LLC (2023)) with a dynamic digital twin
represented as an automatically generated Behavior Tree (BT),
enhancing real-time visibility and collaboration.

Improved Transparency and Human Trust: The dynamic gen-
eration of BTs from scheduling plans ensures explainable robot
behavior, fostering human-robot interaction and trust in collabo-
rative environments.

Memory-Driven Robotic Systems: Introduction of a memory
mechanism that allows the robot to retain a history of suc-
cesses and failures, improving decision-making and adaptability
to achieve goals.

The rest of the article is structured as follows. Section 3 details the
Methodology, introducing the dual-level framework and the integration
of macro-level scheduling with micro-level execution using a Digital
Twin and Behavior Trees. Section 4 presents the experimental valida-
tion of the framework, including the results and their implications.
Section 5 highlights managerial insights, emphasizing the practical
benefits and opportunities offered by this approach to improve human-
robot collaboration. Finally, Section 6 concludes with a summary of the
contributions and describes perspectives for future research.

2. Literature review

Building on the challenge sketched out in Section 1 that Industry 5.0
must simultaneously drive resilient throughput and safeguard worker
well-being under constant shop-floor disruption, we organize existing
work into three interconnected streams. We begin by examining Digital
Twins, the bidirectional virtual-physical mirror that can ingest human-
factor signals (ergonomics, safety, cognitive load) and translate them
into actionable insights. Next, we turn to Dynamic Scheduling, the
macro-level engines that leverage both machine telemetry and human-
centered metrics to replan operations in real time. Finally, we review
Behavior Trees, the on-board, reactive control structures robots use
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to carry out, or locally replan, scheduled tasks when disturbances
strike. Although each pillar boasts a rich standalone literature, to our
knowledge, no existing framework binds them all human-aware DTs,
real-time schedulers, and auto-generated BT replanners into a unified,
two-tier architecture. That integration is precisely the gap our work
tries to fill.

2.1. The digital twin in the era of industry 5.0

According to Grieves (2014), there are three foundational elements
that currently define a digital twin (DT), a virtual model, its physical
counterpart, and the bidirectional link between them (Grieves, 2014;
Sharma et al., 2022). Subsequent surveys (Kritzinger et al., 2018; Berti
and Finco, 2022) categorize DTs by their levels of integration:

» The Digital Model: In this setup, data transfers are managed
manually from the virtual model to its physical counterpart and
back.

» The Digital Shadow: Here, the data flow is manually initiated
from the virtual model to the physical model but automatically
from the physical model back to the digital model.

 The Digital Twin: This represents the highest level of integration,
where data transmission is fully automated in both directions.

Despite extensions of the basic DT concept e.g. service/data tax-
onomies (Tao et al., 2018a) or formal V&V (Verification and validation)
workflows (Tao et al., 2018b) detailed, large scale case studies remain
rare. As Sharma et al. (2022) and Kritzinger et al. (2018) observe,
practical implementations are often described only at a high level,
with few end to end deployments providing the depth needed for
reproducibility or cross-industry transfer.

Nonetheless, when fully implemented, DTs can generate substan-
tial economic value. For instance, Thomas (Thomas, 2024) estimates
that widespread DT adoption in U.S. manufacturing could yield me-
dian annual cost savings of $27.2 billion (90% CI: $16.1-38.6 billion)
through improved asset utilization, predictive maintenance, and en-
hanced decision support. Similarly, Banyai and Kovacs (Banyai and
Kovécs, 2023) report that an RFID-enabled DT system achieved a 9.2%
higher ROI and 53% greater NPV compared to a conventional barcode-
based setup. Malik et al. (2024) demonstrate up to a 35% increase in
operational efficiency via better scheduling, shorter cycle times, and
faster shop-floor reaction. These concrete findings directly motivate our
techno-economic framework (Section 4.1), where we apply multi-year
annuitization and NPV/ROI analysis to quantify the business case for
mobile manipulators.

Although digital-twin research has surged since 2019, a systematic
review of 35 human-factors-DT studies found that only about 20% ad-
dress true human-robot collaboration (Berti and Finco, 2022; Sgarbossa
et al., 2020). The bulk of work falls into three clusters:

» Ergonomic risk assessment - posture and reach analysis with
RULA/REBA indices or exoskeleton support models (Arisoy et al.,
2016; Constantinescu et al., 2019; Ippolito et al., 2020);
Worker safety - in shared workcells, including dynamic collision
warnings and safe-zone supervision (Bilberg and Malik, 2019;
Havard et al., 2019);

Mental/physical workload - monitoring stress, fatigue, and cog-
nitive load via biosensors, cameras, and Al inference (Bécue et al.,
2020; Tarallo et al., 2018; Pusch and Noél, 2019). Only a handful
of frameworks such as Peruzzini et al.’s bidirectional ergonomic-
DT (Peruzzini et al., 2020), Greco et al.’s real-time posture mon-
itoring (Greco et al.,, 2020), and Ogunseiju et al.’s exposure
management twin Ogunseiju et al. (2021) actually weave these
human factors into live DT control for dynamic task reallocation
and on-the-fly re-planning.
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While Peruzzini et al. (2020) demonstrate a bidirectional DT that
maps worker postures to virtual avatars and back to adjust ergonomic
exposure, their framework stops short of using those posture updates
to drive on-the-fly task reallocation. Greco et al. (2020) deliver real-
time posture monitoring and alert generation within a DT, improving
operator comfort, yet they do not integrate these alerts into a live
scheduler or re-planning loop. Ogunseiju et al. (2021) present a self-
management DT that tracks cumulative ergonomic load and suggests
recovery breaks, but it operates in isolation from production planning
and cannot automatically redistribute tasks when limits are reached.

In all three cases, human-factor data enrich the digital twin, but
none embed those metrics into a unified, online scheduling engine
nor support automated, real-time re-planning under shop-floor distur-
bances.

As such, while a handful of works embed posture, workload or
safety metrics into digital-twin prototypes, to our knowledge no ex-
isting framework simultaneously integrates those human-factor mea-
surements into a live macro-level scheduler and triggers automatic,
real-time micro-level re-planning for example via generated Behav-
ior Trees to preserve both throughput and operator well-being under
shop-floor disturbances.

2.2. The dynamic scheduling in industry 5.0

While independent digital twins (DTs) monitor the real-time con-
ditions of both humans and machinery, dynamic scheduling systems
integrate these data streams to reallocate tasks instantaneously. In
contrast to static Gantt charts, a genuinely dynamic scheduler adapts
in real-time by incorporating unexpected events (such as equipment
failures, employee absences, or urgent orders) and human-related fac-
tors (like ergonomic strain and fatigue levels). This allows for constant
adjustments, aligning with the resilience required by Industry 5.0 every
few seconds or minutes (Ouelhadj and Petrovic, 2009; Destouet et al.,
2023; Renke et al., 2021).

Dynamic scheduling methods are typically grouped into three main
families (Ouelhadj and Petrovic, 2009):

» Reactive methods deploy dispatching rules or learning-based
agents on the fly, without a predefined full schedule (Sahnoun
et al., 2019). Common priority rules (e.g. Earliest Due Date, Short-
est Process Time, Critical Ratio) exhibit widely varying resilience
across disruption types.

Pro-active methods embed robustness at inception via safety
buffers or robust optimization formulations to mitigate the need
for frequent re-planning (Nait Chabane et al., 2023).
Predictive-reactive hybrids combine prognostics (machine
learning or simulation) with localized re-planning triggers when
forecasted risk thresholds are exceeded (Bouaziz et al., 2024).

Renke et al. (2021) demonstrate the evolution of techniques from
basic dispatching rules to advanced heuristics and metaheuristics, with
a continuous incorporation of predictive and robustness capabilities.
The majority of studies in the literature focus on static scheduling
issues because dynamic scheduling is significantly more complex to
manage. Among the studies that tackle dynamic scheduling, most con-
centrate on macro-level scheduling challenges, with or without con-
sidering human-factor metrics (Sgarbossa et al., 2020; Hémono et al.,
2025), or emphasize solely robot-level controllers such as Behavior
Trees, Model Predictive Control (MPC), or reactive policies without
integrating feedback from the scheduler.

To tackle the uncertainty present in production systems, a promising
approach involves implementing a hybrid of proactive-reactive meth-
ods, incorporating a dual-layer strategy consisting of offline schedul-
ing (proactive) and online scheduling (reactive) (Wu et al., 1999;
Sanogo et al., 2025). Researchers assert that systems which integrate
knowledge-based scheduling with interactive scheduling methods to
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produce a viable plan are inherently complex, challenging to sustain
and modify, inflexible, expensive, and tardy in meeting personalized
customer demands (Lou et al., 2012).

To fully realize Industry 5.0, which emphasizes throughput, re-
silience, and the well-being of workers, it is imperative to marry
strategic, human-focused planning with real-time, robot-centered re-
planning. To our knowledge, our two-tier framework is the first to
incorporate operator well-being into both the macro scheduler and the
deployment of an auto-generated, on-board Behavior Tree for local
re-planning, thereby ensuring feedback integration between strategic
planning and dynamic execution amid uncertainty.

2.3. The automatic generation of behavior tree

Behavior Trees serve as decision-making frameworks in robotic
systems, game engines, or cognitive architectures, directing agent be-
haviors according to a specific state (Francis, 2017; Iovino et al., 2022).
BTs are comprised of execution nodes, which are also called leaves, and
control nodes, known as non-leaves, with their root typically depicted
on the left side or at the top of the diagram.

BTs are extensively employed to manage NPC (non-playable char-
acter) behaviors in video games. They arrange tasks in a hierarchical
manner, partitioning actions into simple (atomic) or complex (compos-
ite) forms. This structure underlies their widespread use in both gaming
and robotics due to their effective and adaptable nature (Francis, 2017).
Compared to Finite-State Machines (FSMs), BTs boast superior respon-
siveness and adaptability. Incorporation of reactive nodes, known as
Event-Driven Behavior Trees (EDBT), improves interaction by allowing
systems to react to events in real time, thus enhancing coordination
between agents (Agis et al., 2020). A notable benefit of BTs is their
modular nature, which facilitates a flexible and expandable design
for sophisticated robotic initiatives, in contrast to the more inflexible
FSMs (Pi et al., 2023). Additionally, studies have shown that real-time
decision-making in unpredictable settings can be optimized (Abiyev
et al., 2016) through the use of supplementary techniques like fuzzy
logic.

In addition, the use of BTs as a control framework helps reduce
uncertainty in robotic systems. In Nkisi-Orji et al. (2023), a method is
proposed to address uncertainties encountered by BT-driven agents by
reusing previously unsuccessful solutions to generate new ones. This ap-
proach, known as failure-driven transformational case reuse, improves
problem-solving efficiency and reduces errors related to uncertainty.

The automated generation of BTs constitutes a pivotal advancement
in the field of intelligent autonomous systems. Numerous strategies
have been formulated to endow autonomous agents with adaptable
and efficient behaviors, thereby addressing the lack of formal design
methodologies noted in Colledanchise et al. (2017). These strategies
encompass planning methods that exploit pre-existing behaviors to
augment flexibility and reusability, as well as machine learning algo-
rithms that deduce behaviors through environmental interactions. Each
approach embodies unique advantages and limitations, and hybrid
techniques have emerged to amalgamate these methods and mitigate
individual shortcomings.

Although BTs were initially developed to manage video game char-
acters, their potential in robotics remains underexplored. This section
provides a comprehensive overview of methods for generating BTs
across various domains.

The goal of this study is to explore how automatic BTs generation
can enhance human-robot collaboration in different contexts. Thanks
to their structured and modular nature, BTs have become a popular
choice in research. A literature review reveals three main methods for
automatically generating BTs, with the following approaches being the
most frequently employed:

+ The learning methods.
+ The genetic programming method.
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Fig. 1. Main methods for Automatic Generation of Behavior Tree.

+ The method using high-level planners.
» The remaining are automatically generated using heuristics or
different frameworks.

Learning-based methods excel in dynamic or poorly defined set-
tings, where structuring workflows via Behavior Trees (BTs) proves
invaluable. Two dominant paradigms have emerged for automatic BT
synthesis (Fig. 1):

Learning from Demonstration (LfD) - clones expert behavior by ob-
serving and imitating human operators. French et al. (2019)
show that LfD can yield highly modular, reactive BTs, and Scherf
et al. (2023) demonstrate that interactive refinement at runtime
further enhances flexibility. However, LfD’s success hinges on
demonstration quality, and it does not inherently solve macro-
level questions of who does what or when.

Reinforcement Learning (RL) - often via Q-learning lets agents dis-
cover optimal action sequences through trial and error. Dworzan-
ski and Hlavacs (2024) automatically evolve BT structures, Child
and Dey (2013) embed Q-conditions to sharpen decision-making,
and Banerjee (2018) produce interpretable BTs with minimal
manual tuning. R. d. P. Pereira and Engel (2015) integrate
RL nodes for real-time adaptation. Yet RL introduces its own
challenges, complex implementation, reward-shaping burdens,
and overfitting risks that can hinder robustness.

Both LfD and RL significantly cut down manual BT design and boost
reactivity, but neither explicitly aligns micro-level BT adaptation with
macro-level task scheduling or human-factor metrics. This gap suggests
a promising opportunity: to develop hybrid frameworks that combine
macro planners (e.g. PDDL-based schedulers) with micro BT generators
enriched by LfD/RL and to feed back ergonomic and workload mea-
surements so that re-planning dynamically preserves both performance
and operator well-being.

Evolutionary algorithms, notably Genetic Programming (GP) and
Grammatical Evolution (GE) treat BT generation as a search over
populations of candidate trees, refined via mutation, crossover, and
selection. GP directly evolves tree structures (Iovino and Smith (2023),
Klockner (2013)), while GE imposes a grammar to constrain and guide
the evolution. Their modular, hierarchical nature makes BTs especially
suitable to these operations.

Empirical studies illustrate their effectiveness:

» Lim et al. (2010) show GP-evolved BTs outperform hand-crafted
ones in the DEFCON simulation (albeit with overfitting risks),

« Colledanchise et al. (2018) and Perez et al. (2011) validate GP/GE
BTs on the Mario Al benchmark, demonstrating superior adapt-
ability over finite-state models,

» Scheper et al. (2016) and lovino et al. (2021) extend these

methods to real-world tasks — drone navigation and mobile
manipulation — highlighting robustness in unpredictable envi-
ronments.

However, evolutionary methods demand careful fitness-function
design, incur high computational cost for large populations (Tao et al.
(2020)), and may produce BTs that are hard to interpret (Estgren and
Jansson (2017)).

In the context of Industry 5.0, integrating evolutionary methods into
a broader task planning framework could provide significant benefits.
For example, on an assembly line with changing product configura-
tions, evolutionary BTs generation could enable robots to autonomously
adjust strategies, reducing downtime and increasing productivity. To
fully realize these advantages, it is essential to manage computational
resources, carefully design fitness functions, and avoid overfitting. By
overcoming these challenges, evolutionary methods can produce robust
modular BTs that enhance human-robot collaboration in industrial
settings.

Among approaches for automatic Behavior Tree (BT) generation,
a significant strategy involves the use of high-level planners such as
the Planning Domain Definition Language (PDDL), found in more than
half of the reviewed literature. PDDL provides a structured framework
to define the robot’s knowledge domain, skills, and action parameters,
making it easier to create BTs that meet the desired objectives. These
planners produce symbolic plans that can be automatically transformed
into BTs, combining deliberative task allocation with reactive control.

For example, lovino and Smith (2023) leverage PDDL to define
robot capabilities and derive BTs via backward chaining. Martin et al.
Martin et al. (2021) use PlanSys2 to convert PDDL plans into BT,
enabling efficient execution of parallel actions and dynamic re-planning
under ROS2. This ensures enhanced flexibility and reactivity, which
is essential for adapting to changing environments and human-robot
interactions.

Task and motion planning (TAMP) solutions can integrate abstract
task definitions with kinematic solvers, as shown by Ruiz-Celada et al.
(2022), improving adaptability in dynamic scenarios by coordinating
high-level tasks and low-level motions.

Beyond PDDL-based methods, other formalisms have also proven
to be effective. Colledanchise et al. (2017) synthesize BTs from Linear
Temporal Logic (LTL) specifications for formal correctness. Converting
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Fig. 2. Strength and weakness of each methods for automatically generating BTs.

hierarchical task networks (HTN) into BTs, as demonstrated by Segura-
Muros and Fernandez-Olivares (2017), can enhance modularity and
reduce manual design.

Overall, these high-level planning approaches increase reactivity
and flexibility, allowing agents to adapt to complex tasks and dynamic
environments. Nevertheless, their performance depends on accurate
domain definitions and the planner’s configuration. Planning can be
computationally demanding, and the complexity of generated BTs may
raise trust and safety concerns in industrial contexts.

In conclusion, high-level planners provide a promising avenue for
automatic BTs generation, reducing manual effort while increasing
adaptability. To succeed in Industry 5.0 environments, careful resource
management and reliability assurance are essential, fostering operator
confidence and safe, efficient human-robot collaboration.

The synthesis of the main features of each method is illustrated in
Fig. 2. Notations range from 0, indicating no concern or impact from
the feature, to 5, signifying a high level of concern or impact.

2.4. Synthesis and discussion of state of the art

Despite the rapid proliferation of digital-twin (DT) research, there
remains no single, universally adopted definition, and current imple-
mentations continue to exhibit characteristics of Industry 4.0, empha-
sizing performance indicators and equipment efficiency rather than
comprehensive integration of human factors. Some efforts concentrate
on spot-checking ergonomic risks or generating “shadows” of worker
postures, but they stop short of closing the loop into live decision
support or respecting ethical concerns such as voluntary consent and
privacy. As a result, DTs too often function as passive observers rather
than active partners in a truly human-centric, Industry 5.0 ecosystem.

Complementing DTs, dynamic scheduling promises the real-time
resilience that static Gantt charts cannot provide. By continuously
ingesting live data streams, machine breakdowns, urgent orders or
human metrics like fatigue and ergonomic strain, reactive dispatch
rules, proactive buffers and hybrid predictive-reactive frameworks can
each adapt on-the-fly. Yet in isolation they falter: purely reactive
schemes may overload operators, robust-buffer methods waste capac-
ity, and hybrids introduce complexity that slows replanning. Crucially,

none natively marries ergonomic or human-wellness criteria to rapid,
moment-to-moment replanning.

Moving forward, the integration of human-centered scheduling with
automated BTs generation techniques, such as those based on PDDL,
offers promising avenues for improving human-robot collaboration.
Rather than monitoring and modeling the human operator in a way
that could raise ethical concerns or introduce psychological pressure,
focusing on robot adaptability, performance, and resilience can indi-
rectly serve human well-being and efficiency. By incorporating human
factors into the initial design phase, as demonstrated in our previous
work (Hémono et al., 2025), it becomes possible to create operational
decision-making tools that ensure transparency, facilitate cooperation,
and enhance worker comfort without continuous scrutiny. Combining
human-aware scheduling with an automatically generated BTs policy
not only supports flexible, dynamic task allocation, but also ensures
that the resulting system aligns with Industry 5.0 principles. In this
way, advanced predictive and prescriptive models can offer real-time
adjustments, fostering trust, safety, and long-term sustainability in
collaborative industrial environments.

In light of the challenges identified in Section 2.2 notably that
purely reactive, proactive or hybrid scheduling methods tend to be
overly complex, inflexible and slow to adapt (Lou et al., 2012) we see
a clear opportunity to simplify the overall architecture. First, leverag-
ing Digital Twins with integrated production planning, control, and
layout capabilities, as suggested by Rosen et al. (2015) and Uhle-
mann et al. (2017), can shift the paradigm toward truly human-centric
applications.

By incorporating mechanisms for detailed diagnostics and auto-
matic planning triggered by both environmental conditions and op-
erator decisions, Digital Twins can transcend their current efficiency-
driven paradigms to promote human trust, adaptability, and ultimately
well-being.

Secondly, the incorporation of these technological advancements
with frameworks that prioritize user ergonomics, safety, and com-
fort establishes a foundation for tackling ethical and psychological
issues. By utilizing a dual-layer scheduling approach, where the of-
fline, human-centered macro scheduling determines "what" and "when"
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actions occur, paired with the online, BT-inspired micro replanning
specifying "how" execution unfolds, the identified complexity gap can
be effectively addressed (Wu et al., 1999; Aloulou and Portmann,
2005). This method should not only improve production efficiencies
but also foster a sustainable, human-focused industrial environment,
aligning with the evolution towards Industry 5.0 principles.

In the following sections, we will demonstrate how our study em-
ploys these opportunities, applying integrated Digital Twin concepts
to enhance both production planning and layout control. In doing
so, our goal is to improve decision support, foster trust, and create
a more resilient, human-focused industrial ecosystem. Fig. 3, adapted
from (Kritzinger et al., 2018), illustrates our position and the approach
we propose in this study.

3. Methodology

The results of our previous research highlight the interest of a
two-step planning approach integrating scheduling based on human
parameters, as well as a robotic control structure derived from this
planning. In this section, we will present the software structure en-
abling the conversion of the task execution plan into a control structure
for robots, the demonstrator that allowed us to validate our hypotheses,
as well as our testing protocol and the results obtained. We have chosen
to use behavior trees that have proven their superior performance in
robot control. The results of the state-of-the-art in Section 2 emphasizes
the benefits of using planners to automatically generate BTs. These
planners are easy to implement and their hierarchical structure enables
organized action plans, mirroring how humans organize actions.

3.1. Pipeline definition

We present a pipeline that translates task scheduling logs between
human and robot through Gurobi (Gurobi Optimization, LLC, 2023)
into PDDL, demonstrating the effectiveness of our two-level planning
strategy. A solver processes the PDDL plan, converting it into a dynamic
behavior tree for robot control, as detailed in Fig. 4.

The optimization model used in the pipeline is the one from a pre-
vious work (Hémono et al., 2025), where we defined a way to organize
human-robot collaboration regarding two optimization objectives, the
working difficulty level (WDL) and the makespan. In this work, we
adopt the taxonomy of Ozgiiven et al. (2010), where Job, Task and
Operation mirror the classical FJSP hierarchy, and we further define
Action as the atomic Behavior Tree leaf (e.g. MoveTo, Grasp) that
directly invokes each operation in the robot middleware.

For each specific case submitted to the Gurobi optimizer, it is
necessary to provide the difficulty levels W;;, and the nominal oper-
ating durations 1, as input data. According to Hémono et al. (2025),
the difficulty levels are defined with respect to Karhu et al. (1977)
and AFNOR (2005). The optimization logs are then analyzed and used
to extract, via a converter:

+ The task ID

+ The operation ID

» The resource ID executing the operation (Human, Robot, Human
and Robot)

+ The task start time

+ The task end time

The optimization performed through the Gurobi solver results in the
generation of a log rich in optimization information. This file records
all possible combinations of variables and parameters. Our main ob-
jective is to extract the information required to form the optimal path
identified in the Gantt chart, i.e., the variables assigning a "True" or
non-zero value. We also aim to eliminate duplicates resulting from the
assignment of certain tasks to the dummy resource "Co".

The algorithm that outlines the pseudocode of our converter is
available on GitHub. In Table 1, we demonstrate an example of data
extracted and processed using the converter (P.1), as illustrated in the
section "High-level planner - model optimization" of Fig. 4.

A dispatcher (referred to as P.2 in Fig. 4) integrates the readable
logs obtained through the converter (referred to as P.1 in Fig. 4) with
a manually generated database that associates jobs and operations
with their constituent elementary actions. This integration results in
a database consisting of two files: the domain, which contains pred-
icates and actions to be executed along with their preconditions and
effects, and the problem, which comprises objects such as tools, agents,
stations, their initial situations, and the goal(s) to be achieved. This
database is formalized into two files that feed the PDDL knowledge
base: domain.pddl and problem.pddl. We assume that each elementary
action is provided with a set of default preconditions and that the
role of this dispatcher is to automatically direct input data to the
appropriate file structure to automate the development of the robot
action plan. It should be noted that the elementary actions that make
up our tasks are relatively limited in number.

» Move (move to in the pseudo-code)
* Pick (Pick in the pseudo-code)
+ Place (Place in the pseudo-code)
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» Observe (look at in the pseudo-code)

The collection of basic actions enables us to divide the tasks in
our schedule into distinct actions. For instance, within an industrial
context, the action of acquiring a tool can be described as follows:

» Move to the storage coordinates of the tools
» Observe the presence of the tools

+ Pick up the tools

» Move to the assembly station

» Observe that the area is clear
+ Place the tools

By reducing the number of successive elementary actions, tasks can
be decomposed more efficiently. Limiting the number of elementary ac-
tions allows for the manual definition of generic preconditions without
requiring excessive programming effort.

The pseudocode of algorithm P.2 Dispatcher is available on GitHub

The automated creation of PDDL files, namely domain.pddl and
problem.pddl, must result in files strict enough to prevent any deviation
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Table 1
Data extracted and reprocessed by the converter.

Operation Job Resource Starting time (Sijk) End time (Cijk)
ops h R 0 208
opg Ja H 20 32
op, n H 35 50
op, h H 54 203
op; J1 R 208 591
op, s H 451 509
opy J1 H 591 828
op, J1 R 591 915
ops ) Co 591 828
op; J» H 828 1206
op, Ja R 967 1180
op, Ja H 1206 1494
ops Js H 1494 1692
ops Ja H 1692 2412
op; J3 H 2412 2649
op, Js R 2412 2663
op, J3 Co 2412 2659
op, J3 H 2649 2669
ops Js H 2669 2759
ops J3 R 2671 2903
opy J3 H 2759 2904

from the initial plan before its first execution. The resulting plan is
required to align closely with the schedule produced by the Gurobi
solver, as it constitutes the optimal solution that minimizes both the
makespan and the difficulty level for the human operator. However,
these two files must also provide sufficient flexibility to allow for plan
recalculation in the event of unexpected circumstances during task ex-
ecution or environmental changes, even if this requires compromising
the solution’s quality. This is essential to develop an executable plan
and prevent the robot from being stuck in a state of uncertainty.

Using a solver with PDDL in addition to the Gurobi solver can,
if not well-suited to the problem type or specific needs, result in an
inconsistent plan. We opt for the POPF3 solver (Partial-Order Planning
Forward) (Coles et al., 2010), which is compatible with the PDDL
version we are using. This solver aligns well with the strategy we have
adopted, as it is specifically designed to handle problems involving
multiple agents and diverse features. POPF3 employs a method known
as forward chaining, meaning it starts from the initial state and works
towards establishing a plan that reaches the final state by executing
possible actions.

After its creation, the domain.pddl file remains unchanged, while
the problem.pddl file is updated based on changes in the knowledge
base. The adopted solution to meet the aforementioned constraints
consists of several components.

» The chaining of effects and preconditions
+ The definition of predicates specific to each operation in the plan
+ The addition of generic actions

The chain of effects and preconditions ensures that the execution of
the plan follows the order specified by the Gurobi optimization. This
approach is illustrated in Fig. 5. One of the effects of the performed
action is the completion of that specific action, and to ensure that an
action N-1 precedes an action N, we simply insert this completion effect
into the preconditions of the subsequent action. This method allows for
maintaining the correct order of operations during the plan resolution.
This approach is fully aligned with the nature of the solver used.

The use of this strategy requires the declaration of the effects of each
specific operation in the domain.pddl predicates, as illustrated in Fig.
6.

To ensure the necessary flexibility for transitioning between the
various states of the robot and for developing a new effective plan to
overcome a blocking situation, we propose the introduction of a generic
action. This action serves as a bridge between the degraded plan and
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the initial plan for the robot’s actions. For example, in the case where
a tool is not at its expected location, the plan must include additional
movements. Although the generic action is not an integral part of
the sequence of operations leading to the final objective, it allows for
the insertion of operations to restore the expected progression in the
sequence. The introduction of this generic action, which differs from
specific actions in its formulation and remains standard in the use of
PDDL, is illustrated in Fig. 7.

The domain.pddl and problem.pddl files constitute the knowledge
base of PDDL. The "problem interface" of PDDL generates an instance
of the problem which is then solved to produce a plan. The resulting
plan contains a list of actions sorted by execution order with specific
information related to the operation to be performed, such as the tool
used in the operation and the location of execution. An example of a
plan is illustrated in Fig. 8. The domain.pddl and problem.pddl files are
provided in initial PDDL.

The different steps of this plan are then constructed into a Behavior
Tree using the Assembler (identified as P.3) in the BT Assembler block
of Fig. 4. The algorithm is designed to automatically generate a BT
from a formalized plan in PDDL. The algorithm consists of two steps:
analyzing and extracting actions from a plan file, and then constructing
the corresponding behavior tree.

The strategy is to encapsulate each pick, place, or move sequence
within an "UpdateKB" decorator, which uses ROS messages to adjust
the knowledge base (problem.pddl) based on "success" or "failure"
states in the behavior tree. For instance, a "success" for a "move to"
action triggers the addition of the new location and the removal of the
previous one in the knowledge base. In this way, we can develop logical
event management as well as, most importantly, a memory for the robot
that executes the assigned tasks.

The assembler requires as input the plan generated in the previous
step by Rosplan, as well as various manually entered and project-
specific information, such as tool and equipment marker IDs and lo-
cation coordinates.

Algorithm P.3 Assembler, begins by initializing a knowledge base
containing the operations and marker identifiers, as well as a structure
to organize the parameters of each predicate and a mapping of opposite
locations. The function parsePdd1Plan then extracts and organizes
the actions from the PDDL plan by identifying their types (movements,
picking, placing, etc.) and filtering out invalid or redundant actions
through filterActions, thus optimizing the relevant set of actions.

From the filtered actions, the algorithm generates a behavior tree by
identifying unique operations and predicates to create task sequences
and associated decorators. The tree is structured hierarchically, with
a root sequence grouping the generated behaviors for each action
(movements, object handling, object placement). The tree generation
concludes by writing the sequences and decorators to a Python file.

The main program combines these different functions to generate
the final tree from the actions in the PDDL plan. Each elementary
action is associated with a condition or decorator in the action base of
the behavior tree. Depending on the nature of the operation, selector
nodes are added to generate efficient and safe behavior, facilitating
human-robot collaboration and reducing the need for re-planning. The
decorators check the BT state ("success" or "failure") to propose updates
to the database. Once deployed on a physical robot, the compiled
BT runs onboard and directly drives the robot’s interaction with the
environment. The BT issues actions (e.g., move, pick, place) that affect
the environment, while sensor feedback provides observations on the
execution state. This perception-action loop ensures that the robot’s
behavior continuously reflects the real-world situation and connects the
virtual planning layer with the physical execution layer.

The continuous update of the database after each action allows the
robot to adjust its behavior in response to environmental changes, mak-
ing the behavior tree more flexible and adaptive. In case of uncertainty
or blockage, indicated by a "failure" state in the tree, a new plan is
developed. For instance, if the robot does not find a tool at the expected
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Action N-1

55 Specific Action of Pick for OP22
(:action pick_op22_co

:parameters (?a - agent ?t - tool ?1 - location)
:precondition (and

(tool_at ?t ?1)

(can_operate ?t op22_co)

(at ?a ?1)

(move_to_done ?a))
:effect (and
(holding ?a ?t)
(not (tool_at ?t ?1))
(pick_op22_co_done))
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Action N

;5 Specific Action of Place for 0P22
(:action place_op22_co

:parameters (?a - agent ?t - tool)
:precondition (and
(holding ?a ?t)
(pick_op22_co_done)
(can_operate ?t op22_co)
(?a loc_workstation))
:effect (and
(tool_at ?t loc_workstation)
(not (holding ?a ?t))
(place_op22_co_done))

Fig. 5. Excerpt from domain.pddl illustrating the chaining of effects and preconditions.

Additional
Definitions

(define (domain specific_plan)
(:requirements :strips :typing)
(:types agent tool location operation)
(:predicates
;5 Generic predicates enabling flexibility
(at ?a - agent ?1 - location)
(move_to_workstation_done ?a - agent)
(move_to_done ?a - agent)
(holding ?a - agent ?t - tool)
(tool_at ?t - tool ?1 - location)
(can_operate ?t - tool ?op - operation)
;5 Generic predicates enabling chaining
(pick_op22_co_done)
(place_opxx_co_done)
(..0)
(place_op33_done)

Fig. 6. Excerpt from domain.pddl illustrating the addition of specific predi-
cates necessary for the chaining of operations.

location, a ROS service updates the knowledge base to indicate the
absence of the object, and ROSPlan can be triggered to generate a
new plan based on current information. The robot adjusts its plan
according to the new information from the knowledge base, enabling
smoother execution and behavior closer to that of a human in dynamic
environments. This establishes a continuous feedback loop between
execution outcomes and planning updates, ensuring robustness and
adaptivity of the pipeline.

An excerpt of a behavior tree that illustrates the three possible
action groups and the decorators to update the PDDL is shown in Fig.
9. The definition of the entities that make up the tree is described in
Fig. 10.

3.2. Definition of the testing protocol
To test our control structure, we implement it in a scenario involv-

ing the Tiago robot. We define a series of actions to be performed by a
Human, the Tiago robot, or a Human and Tiago together:

10

Table 2
List of operations for the test scenario.

Op. Description Load (kg) Height (cm)
oP, Fetch template 1 1 90
OoP, Fetch template 2 2 90
OPy; Fetch template 3 5 90
oPrP, Fetch tool 1 1 90
OPs Fetch tool 2 2 90
OPy Fetch tool 3 3 90
OP,, Place template 1 on workstation 1 1 90
oP, Place template 2 on workstation 8 2 120
OP,; Place template 3 on workstation 6 5 120
OP;, Present tool 1 on template 1 1 90
OoPy, Present tool 2 on template 2 2 120
OPy; Present tool 3 on template 3 3 120
OP,, Store tool 1 1 920
OoPy, Store tool 2 2 90
OPy Store tool 3 3 90
OP,, Store template 1 1 920
OPy;s Store template 2 2 120
OPy Store template 3 5 120

The objective is to replicate a case study similar to that described in
the work of Hémono et al. (2025), with workstation setup operations
Jh; Jo, transformation operations (schematization of a drilling task by
presenting a tool to a fixture) J3, and workstation cleanup operations
Js-

In this scenario, the agents use three drilling templates and three
tools (drilling machines) represented by cubes on a vertical panel that
simulates the aircraft skin. This panel at the assembly station has two
possible rows for use: one at 0.90 m and the other at 1.2 m, as shown
in Fig. 11. The tools must be placed in front of the templates and then
returned to their initial positions. This practice tests the use of a cobot
in a production workshop with human operators performing various
tasks. The complete list of operations in the testing protocol, as well as
the parameters for the tools and manipulations, is described below in
Table 2:

The matrix illustrating the precedence relationships between the
operations in Fig. 12 shows that we can intuitively identify two ways
to perform the operations. The first method involves parallel execution
with three paths identified in blue, green, and orange. The second
method is a sequential organization, in which we first handle the setup,
then the transformation, and finally the cleanup.

The classification of difficulty levels (WDL) adheres to the guide-
lines established in our preceding studies (Hémono et al., 2025), which
reference a benchmark from an aerospace corporation and are informed
by the (Karhu et al., 1977) and AFNOR (2005) standards. We propose
hypothetical weight parameters for each tool and template to emulate
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Generic Actions

;5 Generic Action of Movement

(:action move_to

:parameters (?a - agent ?from - location ?to - location)
:precondition (at ?a ?from)
:effect (and

(at ?a ?to)

(not (at ?a ?from))

(move_to_done ?a))

Fig. 7. Excerpt from domain.pddl illustrating the addition of a generic movement action.

Generated Plan

(move_to agent_r loc_base loc_workstation) [©.001]
(pick_op22_co agent_r tool_op22_co loc_workstation) [0.001]
(place_op22_co agent_r tool_op22_co) [0.001]

(wait agent_r) [0.001]

(pick_op32 agent_r tool_op32 loc_workstation) [©.001]

(place_op32 agent_r tool_op32) [0.001]

(pick_op23_co agent_r tool_op23_co loc_workstation) [0.001]
(place_op23_co agent_r tool_op23_co) [0.001]

(pick_op33 agent_r tool_op33 loc_workstation) [0.001]
(place_op33 agent_r tool_op33) [0.001]

Fig. 8. Example of a plan obtained after using the problem interface and planner interface.

NS

| | |

Move Decorator Pick Decorator Place Decorator
l ‘
? Moveit OpenGripper ArmRightHome
€ — PLACE_OP22 CO | | PLACE_OP22_CO | | PLACE_OP22_CO

Move to
loc_workstation

Check aruco OP22 PreGraspArmRight RotateBeforeGrasp CloseGripper LookForward
— PICK_OP22_CO PICK_OP22_CO PICK_OP22_CO PICK_OP_22CO

Moveit FinalGrasp ArmRightHome
PICK_OP22_CO PICK_OP22_CO PICK_OP_22CO

[ Observe Action J { Check aruco OP22
Again

Fig. 9. Example of a Behavior Tree obtained with Assembler P.3.
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Root node of the behavior tree.

Decorator node: behaviors that manage a single child and provide
common modifications to their underlying child behavior (¢.g.,
updating the knowledge base with the correct predicates).
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Sequence: allows child nodes to he executed sequentially.
Returns success if all child nodes return success; otherwise, failure.

‘ Selector: allows child nodes to be executed sequentially.

Returns success if at least one child returns success; otherwise, failure.

Fig. 10. Definition of Behavior Tree Entities.

Fig. 11. Simulation of work environment.

OP_21

» OP_31

OP_44

OP 46

Fig. 12. Precedence matrix of our test scenario.

diverse levels of difficulty and effort required for different tasks. The
corresponding values are detailed in Table 2.

3.2.1. Definition of difficulty levels for the human agent:

In our scenario, there are no situations where bending or knee
flexion is necessary; therefore, the corresponding WDL levels are set
to 1 for all operations.

In the test environment, there are 8 work zones. Zones 1 to 4 are
at a height of 0.90 m and a distance of 45 cm from the operator’s
body axis while using the tool or template. In contrast, work zones
5 to 8 are at a height of 1.2 m and a distance of 45 cm from the

body axis. For a person measuring 1.75 m, working at a height of
90 cm positions the table at elbow height, thereby meeting ergonomic
specifications for standing work at a table. The associated WDL level
is 1 (frequent angulation < 20°). However, for the same individual,
working at a height of 1.2 m requires frequent shoulder angulation
between 60° and 90°, corresponding to a WDL level of 4 (exceeding
ergonomic guidelines in terms of limits and duration).

The weights of the tools and templates are all within the gripping
capacity of the agent. For template 3, which weighs 5 kg, handling
increases the WDL to 2 (effort/load between 5 kg and 10 kg (frequent
or occasional), and < 5 kg (frequent)). The WDL level for the other
cubes is 1 for efforts and loads.
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Table 3
Difficulty parameters (W;;) and duration parameters (7;;) in second for task
execution.

Operation Win Wiir Wiico Lijn LijR tijco
op, 1 2 1 10 60 50
op, 1 2 1 10 60 50
oP, 2 4 3 10 60 50
0P, 1 2 1 10 60 50
OP; 1 2 1 10 60 50
oP, 1 2 1 10 60 50
op, 1 2 1 5 45 8
0P, 2 2 1 5 45 8
0P, 4 2 1 5 45 8
op, 1 1 1 5 45 8
oP, 2 1 1 5 45 8
op,, 4 1 1 5 45 8
op, 1 2 1 10 60 50
op, 1 2 1 10 60 50
OPy 1 2 1 10 60 50
or, 1 2 1 10 60 50
OP, 1 2 1 10 60 50
0P, 2 4 3 10 60 50

For combined postural efforts and load handling, the WDL level
considered is the highest encountered during the operation. A summary
of difficulty levels is presented in Table 3.

3.2.2. Definition of difficulty levels for the Tiago Robot:

The robotic agent remains unaffected by repetitive movements or
load handling, provided these operations fall within its mechanical
capacity limits. In the environment, all test zones are accessible to the
Tiago Robot. The primary difficulty lies in the precision required to
detect objects to manipulate and in the robot’s movement capability.
For the simulated transformation operations, high precision is not
necessary since it is sufficient to position the cube in front of the one
representing the template, so the WDL level for these operations is set
to 1.

We assigned a WDL level of 2 for the precise handling of a cube,
including its grasping and placement. However, if the weight of the
cube exceeds the maximum capacity of the robotic arm, the difficulty
level for the gripping sequence is evaluated at 4.

3.2.3. Definition of difficulty levels for collaborative mode:

In collaborative mode, human and robotic capabilities are combined
to maximize their respective strengths. Handling operations become
easier for the human, as they are exempted from lifting heavy loads,
while the robot overcomes challenges related to detection and pre-
cision. The collaborative grasping task (Op,,;_;s and Op,,_4) is per-
formed as follows: Tiago’s arm switches to gravity compensation mode,
and the human guides the movement to position the gripper on the cube
and close it. To place the cube, the reverse movement is performed. For
transformation operations (drilling) (Op,;_,; and Op;;_33), the robot
holds the tool, and the robotic arm switches to gravity compensation
mode while the human guides the movement. Thus, the weight of tools
and templates is supported by the robot, reducing the human stress of
lifting a load, repetitive movements, and working in elevated zones.
The WDL level for handling in collaborative mode is defined as 1,
except for the operation involving template 3, which requires both of
Tiago’s arms; in this case, the WDL level is set to 3. The difficulty levels
for each agent are summarized in Table 3.

3.2.4. Definition of operation durations:

The execution durations for each operation performed by the human
agent, the robot, or collaboratively by the human and robot together
are measured during tests carried out to complete the full scenario. The
values for the duration of the operation are presented in Table 3.
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Table 4
Data extracted and reprocessed by the converter.

Operation Job Resource Start Time (S;;;) End Time (C;;;)
op, i H 0 10
op, Ja Co 10 18
ops J H 18 28
op, J3 R 28 73
op, 1 H 28 38
op, 1 H 38 48
ops 1 H 48 58
ope i H 58 68
op, Ja H 68 73
ops Ja Co 73 81
op, J3 H 81 86
ops Ja R 81 126
op, Ja H 86 96
op, Ja H 96 106
op, Js H 106 116
ops Ja H 116 126
op; Ja H 126 136
opg Js H 136 146

3.3. Results and discussions

Once the study parameters are well defined, the approach consists
of implementing the three main modules of the pipeline defined in Fig.
4.

The first step involves optimizing the problem with Gurobi, aiming
to reduce the strain on the human agent and the overall execution time
of the task, as described in Hémono et al. (2025). For optimization, we
selected an a value of 0.45, which, as previously noted, represents a
good balance between the two optimization objectives.

The optimization results produce the following Gantt diagram 13.
By examining the difficulty level of the tasks for agents, a comparison
between the process performed solely by the human and the process in
which the human works in synergy with the robot shows a reduction in
operator strain from W,,,. =28 to W,,,. = 20, representing a reduction
of 28.57%. The execution time decreases from 150 s for the human
alone to 146 s with the robot, a 2.67% reduction, due to the parallel
execution of certain tasks by the robot.

It should be noted that operations OP,, and OP,; are performed
in collaborative mode. These operations involve handling templates 2
and 3, weighting 2 kg and 5 kg respectively, and placing them in work
zones at a height of 1.20 m, as illustrated in Fig. 11. Performing these
operations in collaborative mode is particularly beneficial, as it reduces
the difficulty level to 1 for both operations, despite the additional time
required for their execution.

The allocation of tasks OP;, and OP;; to the robot relieves the hu-
man agent of a non-ergonomic manipulation task without introducing
any waiting time, thus reducing the total process execution time. These
results assess the results and insights given in Hémono et al. (2025).

After optimization, the next step in the pipeline is filtering the
optimization logs using the Converter P.1. The processed and filtered
log file is shown in Table 4. The extracted and filtered data aligns
well with the Gurobi plan presented in Fig. 13. Subsequently, the file
of elementary operations must be manually generated, which, along
with the filtered logs, serves as input for Dispatcher P.2. This file is in
JSON format and records the primary nature of each action as "Pick,"
"Place," or "Move to." The complete file generated for our specific case
is provided in Github.

The next step of our pipeline involves using the optimization logs
along with the file of elementary operations as input for the Dispatcher
to generate the PDDL knowledge base. The proposed plan, based on
the files presented earlier, is shown in our github repository. It is
observed that the Dispatcher successfully generates a domain.pddl file
that accurately corresponds to the actions the robot must perform either
alone or in collaboration. In our case, the operations are: OP,, in
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Fig. 13. Gantt chart obtained for our case study with a = 0.45 and the parameters defined in Table 3. H: Human agent; R: Robot Agent; Co: Human and robot

agent together.

collaborative mode, O P;, alone, OP; in collaborative mode, and then
O P33 alone. The plan calculated from the knowledge base matches the
one proposed in Fig. 8. The operations are correctly transcribed in the
plan and arranged in the initially planned order.

The Dispatcher also integrates a wait function into the
domain.pddl when the end time of operation n—1 does not coincide
with the start time of operation n. This prevents the robot from starting
an action before other agents have completed the previous operations.

The next step is to construct the behavior tree using the Assembler
from our pipeline. The tree will be built following the logic presented
in Section 3.1 and partially illustrated in Fig. 9. The complete initial
behavior tree is shown in Fig. B.23 of Appendix B.

During the execution of the behavior tree, any unforeseen events
that may occur will allow, through the decorators, an update of the
knowledge base. If a final state is reached, a new computation is
performed to adjust the task plan in order to achieve the original
objectives.

We intentionally test a failure scenario to evaluate the resilience of
our model. In the initial operations, Tiago must move to the worksta-
tion to fetch a template that should have been brought to the station
during the previous operation performed by the human agent. Tiago
must then grasp this template in collaborative mode to position it on
the panel at its designated location.

We deliberately return the template to its original location to sim-
ulate an operator’s oversight in completing this action and to observe
the behavior of our pipeline.

The new information on the successive states reached is added to
the knowledge base through the decorators, as shown in Fig. 15:

The robot successfully completes its movement and acquires a new
location. This is indeed shown in Fig. 14, where it is seen at the
workstation observing to locate the template, which is not present at
the station.

In a subsequent step, updates are added to the knowledge base
regarding the position of the tool tool_op22, which is not where it is
supposed to be. In our case study, there are two possible locations for
the tools: the workstation and the storage station. If the tool is not
at one of these two stations, we deviate from the normal operating
schema. Therefore, we systematically consider the tool’s position at the
opposite station (if it is not detected) as the only possible alternative in
our specific case. Of course, the logic we use can be adapted to define
other strategies depending on the scenarios.

The mention tool_at loc_base is thus added since the tool is not
detected at loc_workstation. The updated problem.pddl is presented in
our github repository.

When a failure state is reached in our behavior tree, we generate and
resolve a new instance of the problem to design a new plan adapted to
the objective. This dynamic management helps the robot recover from
its state of uncertainty or failure. Additionally, an alert strategy can
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be included, where the robot signals verbally or using a light indicator
that it has reached a state of failure or uncertainty. This prevents the
generation of a new plan if the human agent can correct the issue in a
simple and direct manner.

The new plan is calculated and shown in Fig. 16.

As observed in Fig. 16, the solver has automatically added two
actions from the available generic actions. This allows the robot to
move to the new location of the tool required for operation OP;,,
grasp it, and return it to the workstation. The rest of the plan remains
identical to the one initially generated.

This degraded plan enables the robot to recover from its blocked
state without disrupting the original organization or the task distribu-
tion between the human and the robot. The new plan in execution is
shown in Fig. 17.

Due to the update of the knowledge base, the continuation of plan
execution is made possible. Fig. 18 shows that the rescheduling has
integrated two additional actions for the robot, which planned the
necessary generic movements to compensate for the gap caused by the
failure or incomplete execution of OP;, by the human agent.

In Fig. 18, it is observed that operation OP,,, indicated by cross-
hatching, was not performed, resulting in failure of OP,,, shown with
simple hatching. This leads to an increase in the makespan of 13.10%
compared to the optimal plan, rising from 145 to 164 s, and an increase
of 9.33% compared to the initial task execution plan.

Despite this time degradation, it is important to note that this
ensures the continuity of actions and maintains a significant reduction
in WDL by 28.57%. Without this continuity, the robot could remain
blocked for an indefinite period, thus worsening the effective task
execution time compared to the ideal scheduling. We also note a
waiting time of 10 s for the human agent, which in general should be
avoided to prevent operator frustration.

This waiting time occurs when the optimal plan is degraded to
ensure operational continuity. For instance, the digital twin can identify
a discrepancy such as a tool not being where it was expected potentially
due to human error, such as the operator forgetting to return the tool
to the workstation. In such cases, the robot may initially be blocked.
However, leveraging the pipeline’s adaptive capabilities, the system
can generate an alternative plan to recover the missing tool from the
storage station before resuming the original sequence of activities.

At this point, the robot communicates its intentions to the hu-
man operator using signaling methods such as a display or visual
cues (e.g., lights). The human operator is presented with two options:
acknowledge the oversight and opt to manually rectify the issue —
preventing the robot from executing the new plan or remain passive, al-
lowing the robot to autonomously complete the recovery and continue
with the updated plan.

Future work on system resilience could explore re-optimizing de-
graded plans using Gurobi’s multi-objective optimization. Specifically,
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Fig. 14. The Tiago robot successfully completes the first movement action with a "success" state but fails to detect the template and returns a "failure" state.

problem.pddl
Update

[INFO] KCL: (/rosplan_planner_interface) Adding Fact
(at agent_r loc_workstation, 0)

[INFO] KCL: (/rosplan_planner_interface) Adding Fact
(move_to_loc_workstation_done, 0)

[INFO] KCL: (/rosplan_planner_interface) Removing Fact
(at, 0)

[INFO] KCL: (/rosplan_planner_interface) Removing Fact
(tool_at, 0)

[INFO] KCL: (/rosplan_planner_interface) Adding Fact
(tool_at tool_op22_co loc_base, 0)

Fig. 15. Excerpt from the ROSPLAN terminal with knowledge base update.

New Plan

ation

rkstation

Fig. 16. New plan calculated based on the updated problem.pddl during the execution of the behavior tree.
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Fig. 17. New plan for the Tiago robot following the update of the problem.pddl.
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Fig. 18. Recalculated Gantt chart following the deviation from the optimal plan. H: Human agent; R: Robot Agent; Co: Human and robot agent together.

when degradation exceeds predefined thresholds (e.g., regarding WDL
or makespan), the system could determine whether the current plan
remains viable or if it should transition to a newly optimized plan.
Although the current iteration of the pipeline demonstrates acceptable
performance with waiting times as a compromise, incorporating these
mechanisms would enhance human-robot collaboration and system
efficiency, particularly by enabling the human agent to preemptively
manage subsequent tasks while respecting precedence constraints.

The secondary benefit of our proposed pipeline, which we intend
to showcase alongside the management of dynamic events, lies in its
ability to construct a memory framework for the robotic system. This
feature enables the robot not only to process real-time scenarios but
also to retain and utilize past experiences for enhanced performance in
subsequent tasks.

In this stage of the experiment, the robot executes grasping and
transport tasks to deliver the OP,, template to the workstation. The
marker denoting the placement area is deliberately obscured, aiming to
culminate in a terminal condition labeled as "Failure." Fig. 19 illustrates
this scenario.

During the execution of this plan, the knowledge base update gener-
ates a "problem" file for the PDDL, which indicates that the tool is held
by the robot and that the previous operations have been successfully
completed. Thus, if the plan needs to be recalculated, the actions
already executed are not added to the series of actions required to reach
the final objective.

In this way, we can simulate an event memory for the robot,
ensuring that if it resumes task execution, it will not re-execute actions
from the start without considering, for instance, that it already holds
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a tool in its gripper. The newly generated problem.pddl is provided in
our github repository.

The new behavior tree will include only the actions from the plan
that logically resume starting from the tool placement operation, as
illustrated in Fig. 20.

Our approach makes a significant contribution by combining task
scheduling that considers human factors with dynamic task execution
through behavior trees. Unlike existing methods, our pipeline manages
both task scheduling and execution while incorporating human factors
into the optimization process. Existing optimization methods for similar
scenarios often overlook human factors, which distinguishes our work
in the field of collaborative robotics.

For human-robot collaboration to be effective, it is essential that
the human operator understands the robot’s actions. The robot must
act logically and purposefully, performing its tasks at the right time.
Similarly to a human partner, if the robot fails to perform an action
at the right moment, is constantly in the wrong place, or if its work
is incomprehensible, effective, and smooth collaboration becomes im-
possible. Our system aims to improve the transparency of the robot’s
behavior by making it act similarly to a human collaborator.

Even though the proposed solutions can be revised with other logics,
the key is that the operator perceives consistency in the robot’s actions.
An intelligent and responsive robot reduces the potential frustration of
the human operator, thereby promoting its acceptance as a collabora-
tor. It is imperative that the robot’s activity does not add extra cognitive
load to the operator.
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4. Managerial insight

The integration of Digital Twin technology with dynamic scheduling
marks a significant advancement in enhancing the resilience and adapt-
ability of industrial operations. By dynamically adjusting to unexpected
disruptions, such as human mistakes or unplanned occurrences, this
method ensures continuous operations without significant interrup-
tions. Notably, recalculating task allocations whenever an incident
arises is not always necessary, as this may lead to confusion and
require the operator to pause in order to understand the updated plan,
potentially delaying execution. A two-tiered strategy allows for the
formulation of a suboptimal plan that sustains operational flow, with
the ultimate goal of staying aligned with the optimal plan. For example,
if a tool is absent from its anticipated location due to human oversight,
the system autonomously creates an alternative recovery plan, allowing
the robot to retrieve the missing resource and then proceed with the
original activities. This flexibility minimizes bottlenecks and enhances
the overall robustness of the production process.

Unlike approaches relying on Digital Human Modeling, which often
require continuous observation of the human operator, our framework
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focuses on optimizing the dynamic management of tasks performed
by robots. Digital Human Modeling, while valuable, can inadvertently
generate stress, discomfort, or mistrust among workers. Monitoring
movements often requires wearable devices such as exoskeletons, sen-
sors, or augmented reality glasses, which can be a burden over long pe-
riods. In contrast, our approach avoids imposing additional physical or
mental strain on human operators. Instead, we prioritize designing in-
telligent processes and enhancing robotic capabilities to ensure that the
robot’s actions remain both effective and intuitively comprehensible,
yet almost invisible in their execution.

This paradoxical but deliberate human-centered approach empha-
sizes improving task sequencing and robotic adaptability to seamlessly
support workers. Robots are thus enabled to dynamically manage unex-
pected situations, such as task disruptions, without requiring intrusive
monitoring of the human agent. As a result, this method preserves the
well-being of workers while maintaining productivity and operational
flexibility.

In addition, this framework fosters trust and transparency in human-
robot collaboration by allowing clear communication of the robot’s
intentions through visual displays or signals. Human operators are
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Fig. 21. Break-even thresholds (NPV > 0).

empowered to decide whether to intervene manually or allow the robot
to proceed autonomously. From a managerial perspective, the proposed
solution combines high-level optimization (e.g., Gurobi-based multi-
objective optimization) with real-time recovery mechanisms, ensuring
that tasks are executed efficiently and collaboratively while maintain-
ing resilience to operational disruptions. This positions organizations
to leverage the benefits of Industry 5.0 by creating sustainable, adap-
tive, and human-centric production systems that enhance collaboration
between human agents and robotic systems.

4.1. Techno-economic evaluation: Managerial considerations

The enhanced resilience of digitally-twin-enabled operations can
translate into significant cost savings over time. To quantify this po-
tential, we draw inspiration from the techno-economic methodology
of Choux et al. (2024), which combines capital cost annuitization with
multi-year present value analysis. This framework delivers decision-
grade metrics annualized capital cost, Net Present Value (NPV), and
Return on Investment (ROI) under varying efficiency gains.

From a managerial standpoint, evaluating the adoption of mobile
manipulators through a techno-economic lens reveals key insights that
directly inform investment decisions. Several operational and economic
levers critically affect the profitability and payback of such robotic
systems.

Fig. 21 provides a break-even analysis focusing on daily hours saved
in relation to investment costs. To highlight patterns and improve
understanding, profitability is evaluated at three different labor rates:
a minimum of €10.6/h, the least expensive labor rate in Europe for
2024, an average rate of €37.3/h, the mean European labor cost, and
a maximum of €55.2/h, the highest rate among European nations in
2024, based on Eurostat (2024).

Fig. 21 also demonstrates how variations in investment, labor rates,
and amortization periods affect daily time-saving needs. At the high-
est rate (€55.2/h), an extended payback period of five years for an
initial investment of €100 k necessitates only about ~2.3 h of daily
productivity enhancements led by robotics. Reducing the investment
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amount to €60 k or €20 k correspondingly decreases this threshold
to approximately ~1.4 and ~0.4 h/day, respectively. However, if the
emphasis is on achieving a swift two-year payback, these minimums
increase significantly to ~2.7 h/day for an investment of €60 k, and
~0.9 h/day for €20 k. Notably, there is no feasible scenario for real-
izing 3 h of daily savings with an investment of €100 k within the
specified time frame.

For a labor rate of €37.3/h, within a five-year span, the break-even
point is not reached with an initial investment of €100k. However,
reducing the investment to €60k or €20k lowers the necessary produc-
tivity to ~2.1 h/day and ~0.7 h/day, respectively. When the time frame
is shortened to two years, the required productivity savings increase to
approximately ~1.4 h/day for an investment of €20k, emphasizing how
both labor costs and the duration of payoff influence productivity re-
quirements. Investments of €100k and €60k fail to achieve profitability
within this observed two-year period for a time window of 3 h.

At the lowest labor cost (£€10.6/h), only the longest payback sched-
ules fall within our 0-3 h/day window. For a €20 k investment, a
four-year horizon requires roughly ~2.7 h/day of robotic time-savings
to break even, and a five-year horizon about ~2.4 h/day. In contrast,
neither the two nor three-year schedules ever reach positive NPV
before 3 h/day, and investments of €60 k or €100 k likewise fail
to intersect the profit threshold within three hours of daily savings
for any amortization term. Thus, in low-wage settings, only extended
amortization periods or lower investments costs can bring required
productivity gains into a realistic range.

Taken together, these interpolated break-even points make explicit
that reducing the initial investment delivers an almost linear reduction
in daily hours-saved requirements, particularly at high wage rates. In
mid-tier scenarios, projects under €60 k become accessible with under
2 h/day of gains over five years versus 3 h/day for €100 k. And
even in low-cost settings, a minimal €20 k outlay can break even with
just 1.4 h/day of productivity improvements across a five-year horizon
underscoring the central role of amortization in spreading capital ex-
penditures across the asset’s productive life. These quantifications equip
managers to calibrate human-robot productivity objectives precisely
against both labor rates and realistic payback expectations.
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Fig. 22. Break-even thresholds (Return On Investment > 0).

In practice, true downtime often exceeds these hourly thresholds. A
lights-out production cell running nights and weekends can incur 48h
of idle time in a single week. Five such events per year average 1 h/day
of lost production well above most break-even levels (0.6-1.7 h/day).
Emergency call-out of technicians adds premium labor and logistics
costs, and delayed shipments risk penalties or lost contracts whose
financial impact dwarfs our hourly savings targets.

Given the important costs per unit in sectors such as aerospace
or semiconductor fabrication, even a single unplanned stoppage can
translate into million-euro losses. Penalties for late delivery, rework
of defective components, or contract terminations all underscore the
need for a production framework that is not only efficient, but truly
resilient—capable of anticipating disruptions, re-planning on-the-fly,
and keeping high-value lines running without interruption.

Our dynamic-scheduling approach directly mitigates these risks.
Rather than freeze when a tool is missing or a process changes,
the robot’s digital twin automatically re-plans—selecting alternate
resources, reordering tasks, and maintaining progress without human
dispatch. This agility reduces effective downtime, smooths throughput,
and accelerates the path to positive NPV.

The Fig. 21 illustrates that reducing investment costs accelerates
the break-even point. The prospect of a robot capable of conducting
pick-and-place operations and maneuvering within a workshop is in-
creasingly feasible with advancements like Tesla’s Optimus robot priced
at approximately €26000 or Unitree Robotics’ G1 at around €14000.
In nations with high labor costs, the returns on investment and benefits
from such solutions could significantly increase.

Fig. 22 recasts the same break-even contours in terms of ROI=0
instead of NPV=0. Because ROI simply measures cumulative cash
return vs. capital outlay, its zero-line is reached at fewer daily savings
hours than the NPV criterion, especially for medium and long service
lives.

In practical terms, ROI can serve as a more intuitive metric for line
managers, who often reason in terms of "years to recoup investment"
rather than relying on net present value (NPV). It emphasizes that
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given long service lifespans and high labor costs—even modest daily
savings can yield a 100% ROI well within the operational lifetime of
the equipment. Furthermore, since ROI does not involve discounting
beyond simple payback, it can more directly facilitate capital budgeting
discussions. For instance: “If we invest €100k today, this robotic line
will pay for itself in < 5 years, provided we save just 1 h of labor per
day.

Taken together, the NPV and ROI analyses provide a consistent
narrative: capital investments amortized over longer time horizons—
especially under elevated labor cost scenarios—significantly reduce the
time required for automation systems to break even. Consequently,
managers are advised to prioritize high-cost, continuous-operation pro-
duction lines (e.g., 24/7 systems, where actual downtime often exceeds
1 h per day) and to engage in multi-year service commitments in order
to maximize returns in terms of both NPV and ROI.

5. Discussion and theoretical implications

This study set out to explore how digital twins (DTs) and dynamic
scheduling can enhance human-robot interaction, to identify missing
human-centric control mechanisms in the DT literature, and to inves-
tigate the role of behavior trees (BTs) in improving adaptability and
transparency.

Most DT frameworks excel at data synchronization and visual-
ization but rarely incorporate the decision logic required for truly
adaptive operation. By embedding our dual-layer dynamic scheduler,
the twin becomes an active coordinator: an offline multi-objective
optimizer defines a strategic reference plan, while a lightweight, BT-
driven replanning engine responds instantaneously to disturbances.
This closed-loop design preserves throughput and prevents cognitive
overload from constant micro-adjustments.

We further introduce a memory-driven mechanism that records
and reuses past recovery patterns. This experiential loop not only
accelerates response to recurring events but also addresses the absence
of historical context retention in existing DT studies. At the same
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time, behavior trees structure each replanning step into clear, modular
decision stages, making adaptations transparent and enabling operators
to trace and, when necessary, override specific actions.

Importantly, our scheduler modulates replanning frequency and
granularity to align with human cognitive bandwidth. By tailoring up-
dates to operator needs, the system enhances collaboration and reduces
misunderstandings—an aspect often overlooked in techno-centric DT
models.

Compared to approaches that ignore operator cognition or lack
real-time control, our framework demonstrates measurable gains in
responsiveness and user trust. While preliminary simulations confirm
these benefits, future work will involve user studies in industrial set-
tings to quantify operator workload and validate long-term system
learnings.

In summary, embedding a closed-loop dynamic scheduler with
memory-aware experiential learning and BT-based execution trans-
forms digital twins into proactive, human-oriented agents. This theo-
retical contribution advances DTs from passive replicas to intelligent
collaborators capable of resilient, adaptive operation in Industry 5.0
environments.

6. Conclusion and future works

In this research, we explored a dual layer framework that combines
high-level scheduling through optimization techniques and real-time
robotic task execution via Behavior Trees (BT), integrated into a Digital
Twin (DT) platform. Our approach demonstrated improvements in
human-robot collaboration by reducing operator workload and op-
timizing task execution in dynamic environments. This methodology
is aligned with the principles of Industry 5.0, prioritizing human-
centric design, flexibility, and operational resilience. Furthermore, we
demonstrate that increased resilience can positively impact production
economics, possibly facilitating the broader adoption of this type of
framework.

The integration of a Digital Twin allows for real-time monitoring
and dynamic plan adjustments, enhancing the adaptability of robotic
systems. Behavior Trees, with their modular and hierarchical design, fa-
cilitate seamless transitions between predefined and reactive behaviors,
thereby supporting human-robot interaction and trust-building. The
pipeline demonstrated the capacity to recover from unforeseen events,
maintain task continuity, and mitigate operational disruptions.

Our methodology has limitations requiring attention to maximize
the dual-level framework’s potential. Current validation is limited to
a structured indoor scenario, so broader assessments are needed. The
pre-defined behavior trees can cause deadlocks requiring human in-
tervention, thus, Al-enhanced Behavior Trees are recommended for
dynamic branching, improving resilience and reducing external aid.
While suited for industrial planning, more complex areas like home
assistance and healthcare may need enhanced learning and context
awareness for similar autonomy and robustness. Our system assumes
consistent Gurobi plan execution but does not consider uncertainties
like human refusal or delays, or plan downgrades due to alarms, which
require defined criteria for re-optimizing plans during failures.

Future perspectives

* Human-Centered Enhancements: Future research should
deepen the integration of human factors, including cognitive
aspects, to further align robotic actions with operator needs.
This includes minimizing monitoring stress by emphasizing task
adaptability rather than invasive human modeling.

Advanced Optimization Models: Incorporating multi-objective
optimization frameworks like Gurobi’s capabilities could address
plan degradation thresholds, offering adaptive solutions when
performance metrics such as workload levels or makespan deviate
significantly from optimal values.

20

International Journal of Production Economics xxx (Xxxx) Xxx

+ Ethical and Trust Considerations: Addressing the psychological
impacts of collaborative systems, such as transparency and user
autonomy, can promote greater acceptance. This includes imple-
menting non-intrusive signaling mechanisms and refining robot
communication methods.

Resilience Mechanisms: Enhancing the pipeline to include pre-
dictive analytics and self-learning mechanisms could further
strengthen resilience, allowing preemptive adjustments based on
anticipated disruptions or operator feedback.

This research lays the groundwork for future advancements in
human-robot collaboration, emphasizing a balanced integration of
technological innovation and human-centric design. By refining the
interplay between dynamic scheduling and robotic execution, we move
closer to realizing the vision of resilient and sustainable Industry 5.0
ecosystems.
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Appendix A. Pseudo-code for the complete pipeline

Block 1: Optimization 5.0 (includes P.1 Converter and P.2 Dispatcher)

1| def optimization_5_0(solution_file,
elementary_operations_file):

2 # Step 1: Convert Gurobi logs with P.1
Converter

3 solution_readable =
pl_converter(solution_file)

4

5 # Step 2: Generate PDDL files with P.2
Dispatcher

6 domain_pddl, problem_pddl =
p2_dispatcher(solution_readable,
elementary_operations_file)

7

8 return domain_pddl, problem_pddl

9

10| def pl_converter (solution_file):

11 # Read and process the solution file

12 solution_readable =
convert_gurobi_logs(solution_file)

13 return solution_readable

14

15| def p2_dispatcher(solution_readable,
elementary_operations_file):

16 # Load elementary operations and
converted logs
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domain_pddl, problem_pddl =
generate_pddl_files(solution_readable,
elementary_operations_file)

return domain_pddl, problem_pddl

Listing 1: Optimization 5.0 Pipeline

Block 2: Digital twin (includes P.3 Assembler)

AW N e

20
21
22

def

def

digital_twin(domain_pddl, problem_pddl):
while True:
# Step 1: Generate a PDDL plan
pddl_plan =
generate_pddl_plan(domain_pddl,
problem_pddl)

# Step 2: Convert the plan into a
Behavior Tree using P.3 Assembler
behavior_tree =
p3_assembler (pddl_plan)

# Step 3: Simulation and evaluation
success =
simulate_behavior_tree(behavior_tree)

if success:
human_validation =
request_human_validation(behavior_tree)
if human_validation == ’accept’:
return behavior_tree
else:
domain_pddl, problem_pddl =
update_knowledge_base_with_human_feedback ()
else:
domain_pddl, problem_pddl =
update_knowledge_base_on_failure ()

p3_assembler(plan_file):
# Read the plan file and generate a
Behavior Tree
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23 behavior_tree =
generate_behavior_tree(plan_file)
24 return behavior_tree

Listing 2: Digital Twin Pipeline

Block 3: Robotic execution

def execute_real_robot(behavior_tree):
while True:
# Step 1: Execute the Behavior Tree
execution_success =
robot_execute (behavior_tree)

& W N e

if execution_success:
update_pddl_knowledge_base_during
_execution()

else:

10 # Step 2: Clone and recalculate

in case of a blockage

1 clone_knowledge_base ()

12 domain_pddl, problem_pddl =

recalculate_plan()

13 behavior_tree =

digital_twin(domain_pddl, problem_pddl)

© ©® N o«

Listing 3: Robotic Execution Pipeline

Appendix B. Behavior tree

See Fig. B.23

Data availability

Github repository : https://github.com/PierreHemono/Dynamic-Be
havior-Tree/tree/main.
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Fig. B.23. Initial behavior tree generated with the pipeline’s Dispatcher, as shown in Fig. 4.
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