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Abstract 

With the transition from Industry 4.0 to Industry 5.0, human–robot collaborative assembly 

(HRCA) has progressed from physical copresence to cognitive integration and knowledge 

sharing. Digital twins (DTs) serve as enabling technologies that connect physical and vir-

tual spaces. Support is provided for dynamic, safe, and human-centered collaboration. 

This study presents a systematic review of the research progress and practical applications 

of DT-enabled HRCA. First, conceptual boundaries between HRCA and general human–

robot collaboration (HRC) in manufacturing are defined. Core elements of DT-driven state 

perception, task planning, and constraint modeling are described. Second, four task-allo-

cation paradigms are classified and summarized, including optimization-based, con-

straint satisfaction-based, data-driven intelligent, and large language model (LLM)-as-

sisted approaches. Applicable scenarios are identified. Third, the effects of collaboration 

modes and interaction modalities on planning logic are analyzed. Collaboration modes 

are categorized as parallel, sequential, and tightly coupled. Interaction modalities are 

grouped into AR-based explicit interaction, implicit intention perception, and multimodal 

fusion. Fourth, cross-domain application characteristics and engineering bottlenecks are 

summarized. Target domains include precision assembly, disassembly and remanufac-

turing, and construction on-site operations. Finally, four core challenges are distilled, in-

cluding dynamic uncertainty, multi-objective conflicts, human factor adaptation, and sys-

tem integration. Four future directions are outlined: LLM-enabled adaptive planning, 

safety–efficiency co-optimization, personalized collaboration, and standardized integra-

tion. The proposed technology–application–challenge–outlook framework is intended to 

provide a theoretical reference and practical guidance for transitioning HRCA from la-

boratory prototypes to large-scale industrial deployment. 

Keywords: human–robot collaborative assembly; digital twin; technical systems;  

application evolution; task allocation 

 

1. Introduction 

In response to the global shift in manufacturing toward flexibility, personalization, 

and sustainability, the “human-centric” concept of Industry 5.0 has redefined human–
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robot collaboration [1]. The dominant logic has shifted from “machines replacing hu-

mans” to “human–robot complementarity” under an augmented intelligence paradigm. 

Human–robot collaborative assembly (HRCA) is treated as a key discrete manufacturing 

scenario for balancing efficiency and flexibility. The scope has moved beyond simple 

physical copresence [2]. A complex system has been formed that includes cognitive inter-

action, task integration, and risk sharing. In contrast to Industry 4.0 automation that pri-

marily targets throughput, modern HRCA emphasizes deep integration of human flexi-

bility and complex decision making with robotic precision and repeatability. Core require-

ments have expanded to multidimensional objectives [3,4]. These include safety assur-

ance, ergonomic adaptation, and psychological comfort. 

The maturity of digital twin (DT) technology provides core support for the intelligent 

upgrading of HRCA. DT is defined as a high-fidelity virtual mapping of physical entities 

with real-time synchronization [5,6]. Closed-loop collaboration is enabled through per-

ception, modeling, planning, execution, and feedback, thereby mitigating key limitations 

of traditional human–robot collaboration. These limitations include delayed state percep-

tion, static task allocation, and rigid safety constraints. Multi-source sensor data, geomet-

ric and dynamic models, and semantic state representations are integrated within DT, al-

lowing the dynamic evolution of the collaborative environment to therefore be repre-

sented with higher accuracy. Real-time decision support is provided for task decomposi-

tion, resource allocation, and trajectory planning [7]. However, as HRCA extends to un-

structured scenarios (e.g., disassembly and remanufacturing, on-site construction opera-

tions), DTs face new challenges in terms of semantic alignment, real-time guarantee, and 

cross-platform integration [8]. A systematic consolidation of technical progress and appli-

cation bottlenecks is therefore required. 

Although scholars at home and abroad have carried out extensive research on the 

key technologies of HRCA, covering task planning, safety control, interaction design, and 

other directions, most existing studies have focused on the optimization of a single tech-

nical module [9]. System-level integration across the full “concept–technology–applica-

tion–challenge” chain under DT enablement has been insufficient, and the internal logic 

that governs deep DT–HRCA integration has therefore not been fully articulated. In ad-

dition, applicable scenarios and engineering conditions for implementing different tech-

nical paradigms have not been clearly specified [10,11]. Simultaneously, with the rise of 

generative AI technologies such as large language models (LLMs) and vision–language 

models (VLMs), HRCA is ushering in a paradigm shift from “rule-driven” to “semantic 

understanding-driven” approaches. This transition has not yet been systematically con-

solidated and assessed [12]. 

To address these gaps [13,14], a review of DT-enabled HRCA is presented, dispersed 

research findings are integrated, and a unified technical framework is constructed. Fur-

thermore, research priorities are identified for academic studies and actionable technical 

references are provided for industrial practice, thereby supporting the transition of HRCA 

from laboratory research to production deployment. The remainder of this paper is orga-

nized as follows. Section 2 defines the core concepts and terminology and specifies the 

technical boundary of DT-driven HRCA. Sections 3 and 4 review progress in key modules, 

including task allocation, collaboration modes, and interaction modalities. Section 5 sum-

marizes cross-industry application characteristics and engineering bottlenecks. Section 6 

distills current core challenges and analyzes coupling mechanisms. Section 7 outlines fu-

ture research directions and pathways for large-scale deployment. 

In addition, Table 1 provides a list of the abbreviations used in this paper. Besides, 

review methodology and scope are provided in the Appendix A. 
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Table 1. Parameter notation. 

Parameter Abbreviation 

Augmented Reality AR 

Behavior Tree BT 

Constraint Programming CP 

Digital Twin DT 

Genetic Algorithm GA 

Human-Centric Manufacturing HCM 

Human–Robot Collaboration HRC 

Human–Robot Collaboration Assembly HRCA 

Imitation Learning IL 

Inertial Measurement Unit IMU 

Large Language Model LLM 

Long Short-Term Memory LSTM 

Mixed-Integer Linear Programming MILP 

Multilayer Perceptron MLP 

Mixed Reality MR 

Power and Force Limiting PFL 

Reinforcement Learning RL 

Ratings of Perceived Exertion RPE 

Real-Time Locating System RTLS 

Robot Operating System ROS 

Situation Awareness SA 

Speed and Separation Monitoring SSM 

Ultra-Wide Band UWB 

Vision–Language Model VLM 

Virtual Reality VR 

2. Digital Twin-Enabled HRCA: Core Concepts and Terminology 

With the transition from Industry 4.0 to Industry 5.0, HRCA has moved beyond sim-

ple copresence in a shared physical workspace toward deeper cognitive integration and 

knowledge sharing. DT is used as a bridge between the physical world and virtual space, 

treated as a core enabling technology for dynamic, safe, and human-centric collaboration. 

To avoid terminological ambiguity, HRCA is used herein to denote human–robot 

collaboration in assembly scenarios. Human–robot collaboration (HRC) is used when the 

broader paradigm of collaborative manufacturing is discussed. Throughout this review, 

DT is used consistently to denote digital twins. Representative studies on core DT-enabled 

HRCA concepts and enabling technologies are summarized in Table 2. 

Table 2. Overview of digital twin-enabled HRCA: core concepts and terminology. 

No. Authors (Year) Method 

1 Langås, E.F. et al. (2025) [15] Conceptual framework + machine learning 

2 Krupas, M. et al. (2024) [16] Review/survey 

3 Wang, Y. et al. (2022) [17] Framework/architecture 

4 Luan, Z. et al. (2024) [18] LLM-based task planning/execution 

5 Ramasubramanian, A.K. et al. (2022) [19] Review/survey 

6 Kritzinger, W. et al. (2018) [20] Review/survey 

7 Lu, Y. et al. (2020) [21] Reference model/framework 

8 Sharma, A. et al. (2022) [22] Review/survey 

9 Yi, S. et al. (2022) [23] Vision-based human pose/skeleton tracking 

10 Slovák, J. et al. (2021) [24] Vision + UWB/RTLS sensor fusion 
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11 Baratta, A. et al. (2024) [25] Review/survey 

12 Coronado, E. et al. (2024) [26] Interoperability bridging (ROS/middleware) 

13 Müller, M. et al. (2024) [27] Situation awareness (SA) prediction 

14 Hoebert, T. et al. (2024) [28] Virtual reality (VR) interface 

15 Kousi, N. et al. (2021) [29] Proposed method/framework 

16 Liu, S. et al. (2022) [30] DT-enabled advance execution 

17 Zhang, Z. et al. (2024) [31] DT-based collaborative assembly system 

18 Benton Jr, K. et al. (2024) [32] Framework/architecture 

19 Das, A. et al. (2025) [33] Mixed reality (MR) interface 

20 Zhao, X. et al. (2021) [34] Eye tracking + gesture intention inference 

21 Adamides, O. et al. (2025) [35] Framework/architecture 

22 Lettera, G. et al. (2025) [36] Framework/architecture 

23 Himmelsbach et al. (2021) [37] Speed and separation monitoring (SSM) method 

24 Trinh et al. (2023) [38] Proposed method/framework 

2.1. Definitions and Terminology 

HRC is commonly defined as coordinated work in which humans and robots operate 

within a shared workspace to accomplish the same assembly task. However, in the context 

of DT technologies and Industry 5.0, the definition of HRCA has been substantially broad-

ened. Langås and Zafar et al. [15] reported that modern HRCA increasingly emphasizes 

human–robot teaming. Robots are treated not only as tools that execute instructions, but 

also as collaborative partners that can exchange solution strategies. This team-oriented 

paradigm prioritizes safety, interactivity, and complementarity, where integration is 

sought between robotic precision and repeatability and human flexibility and complex 

decision making. Krupas et al. [16] have argued that, despite the shift toward human-

centric collaboration, technical mechanisms for prioritizing worker well-being in practical 

deployments remain insufficiently resolved. In many implementations, production effi-

ciency remains implicitly optimized ahead of human factors. 

In DT-enabled settings, HRCA task planning is defined as the process through which 

an assembly objective is decomposed into a sequence of atomic operations under multiple 

constraints (e.g., safety, geometric, and process constraints). These operations are dynam-

ically allocated to humans or robots, with the execution order, motion trajectories, and 

interaction logic planned in parallel. Compared with conventional planning, DT-driven 

planning is characterized by pronounced cyber–physical integration. The framework pro-

posed by Wang et al. [17] indicates that task planning is not confined to the design stage; 

instead, planning is extended into the operational stage, and continuous refinement is en-

abled through real-time feedback data. Recent studies have also investigated the incorpo-

ration of LLMs into planning pipelines. Natural language instructions are translated into 

hierarchical task representations which are used to assist in generating executable plans 

or code, thereby lowering the entry barrier for non-expert users to participate in planning 

and programming [18]. 

In contrast to traditional task planning, which often assumes structured and predict-

able environments, HRCA must explicitly account for human participation and behav-

ioral variability during both planning and execution. The planning problem is thus made 

more online and interactive. Prior work has shown that uncertainty in human intent and 

actions increases the likelihood of plan–execution mismatch. A shift has therefore been 

motivated from offline optimization to online monitoring and dynamic adjustment [19]. 

Across the literature, key HRCA task planning challenges relative to conventional plan-

ning can be summarized in three coupled dimensions. First, dynamic uncertainty must be 

managed with online replanning or policy revision under updated perception to accom-

modate spontaneous human actions. Second, layered safety constraints must be satisfied. 
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In addition to task constraints, collaboration safety standards and risk assessment require-

ments (e.g., ISO/TS 15066; Robots and robotic devices—Collaborative robots. International 

Organization for Standardization: Geneva, Switzerland, 2016.) are imposed. Third, real-

time interaction requirements must be met. Plans often include explicit communication 

and confirmation steps (e.g., gestures, speech, or interface confirmations) to synchronize 

intent and state. The following sections review representative modeling and planning par-

adigms along these dimensions and compare trade-offs among real-time performance, 

safety, and efficiency. 

After clarifying the conceptual boundaries, DT-enabled HRCA must first address a 

fundamental question: the origin of the system state and its trustworthiness. From the 

perspective of the concept–architecture–application evolution of DT research in manufac-

turing, Kritzinger et al. systematically classified the DT literature and clarified terminol-

ogy. Manufacturing-oriented definitions and a layered framework were provided. Data 

synchronization and model consistency were identified as key bottlenecks for practical 

adoption [20]. Lu et al. further articulated the notion and reference model of DT-driven 

smart manufacturing, summarized application scenarios across the product lifecycle, and 

systematically examined research issues such as data integration, model updating, and 

standardization [21]. Sharma et al. reviewed the state of the art from both theoretical and 

practical viewpoints and discussed open issues including interoperability, credibility as-

sessment, and governance. Reusable research agendas have been proposed for DT mod-

eling and validation in HRCA contexts [22]. 

Figure 1 is used as a roadmap for this review. The DT-enabled closed-loop HRCA 

pipeline is summarized, the method taxonomy reviewed in the following sections is out-

lined, and key collaboration and interaction factors are highlighted. Representative appli-

cation scenarios discussed later are also noted. The subsections below are organized ac-

cording to this roadmap. 

 

Figure 1. Digital twin-enabled closed-loop HRCA framework and key method map in manufactur-

ing. 

2.2. State Perception and Modeling 

Efficient HRCA operation depends on accurate perception and real-time modeling of 

the shared workspace, where DT is used as the hub for data aggregation and state map-

ping. A primary objective of perception is the construction of a high-fidelity virtual rep-

resentation of the physical environment. Yi et al. [23] proposed a vision-based perception 

https://doi.org/10.3390/machines14030255


Machines 2026, 14, 255 6 of 44 
 

https://doi.org/10.3390/machines14030255 

system using a depth camera to build a human skeleton model and map the operator’s 

pose in real-time, enabling high-precision human–robot localization within the DT. Simi-

larly, Slovák et al. [24] similarly validated a hybrid architecture that combines vision sens-

ing with an ultra-wideband (UWB) real-time locating system (RTLS). While improved ro-

bustness was reported under challenging conditions such as occlusion, limitations remain 

in current perception pipelines. Baratta et al. [25] highlighted that the massive data 

streams produced by high-precision sensors can introduce processing latency, which un-

dermines DT real-time performance. In parallel, Coronado et al. [26] explored bridging 

strategies for cross-platform interoperability across heterogeneous systems (e.g., intercon-

necting the robot operating system (ROS) with NEP+). Unified industrial interfaces and 

communication standards were found to remain insufficiently mature for large-scale shop 

floor deployment. 

Beyond physical position, understanding the semantic state of the environment is 

equally critical. Müller et al. [27] introduced quantitative indicators of situation awareness 

and demonstrated that an intelligent DT can monitor the current state and predict future 

collision risks from historical data, thereby supporting self-optimizing perception. Such 

predictive capability is needed for managing dynamic uncertainty; for example, in disas-

sembly tasks, component states are often unknown. Hoebert et al. [28] demonstrated how 

a virtual reality (VR) interface can be combined with a DT to allow workers to annotate 

unforeseen obstacles or changes in real-time, continuously updating the environment 

model. 

Once environment and human states are anchored in the twin, task planning be-

comes a computable problem. The next subsection formalizes three planning primitives—

namely, tasks, agents, and environment—and summarizes the constraints that they im-

pose. 

For human–robot collaborative assembly lines, DTs are used not only for process vis-

ualization, but also for design and reconfiguration and for front-loaded verification of 

plan execution. Kousi et al. developed a DT for collaborative assembly lines to support 

design and reconfiguration evaluation. They emphasized its capability for rapid valida-

tion and replanning under configuration changes, enabled by tight cyber–physical cou-

pling [29]. At the execution layer, Liu et al. proposed the concept of DT-enabled advance 

execution, in which collaborative assembly tasks are simulated and “run ahead” in the 

digital space to identify potential conflicts and bottlenecks, thereby improving on-site re-

liability and takt time stability [30]. Further, Zhang and Ji presented an implementation 

scheme for a DT-based HRCA system and demonstrated DT capabilities for synchroniza-

tion, monitoring, and coordination support throughout the collaborative assembly pro-

cess [31]. 

To operationalize the closed-loop pipeline of perception, synchronization, planning, 

execution, and evaluation, an implementable engineering structure is required. Figure 2 

therefore presents an overall reference architecture for DT-enabled HRCA. Data-flow and 

control-flow relationships are specified among the physical shop floor, interoperability 

links, core twin models, planning and decision modules, and execution monitoring. 
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Figure 2. Digital twin-enabled HRCA overall architecture (data flow and control flow across layers). 

2.3. Key Elements and Constraints 

2.3.1. Modeling of Core Elements 

Existing studies commonly conceptualize DT-driven planning as a unified represen-

tation and closed-loop updating of three categories of information: tasks, agents (hu-

man/robot), and the environment. 

(1) Task elements. Assembly tasks are commonly modeled in hierarchical and para-

metric forms (e.g., product–component–operation–action), allowing for the coupled rep-

resentation of process constraints and geometric or fixture. Benton Jr. et al. [32] used a 3D 

parametric modeling tool to represent complex curved-surface forming tasks, emphasiz-

ing the mapping between process parameters and geometric features. A computable task 

representation was thus provided for subsequent planning optimization. 

(2) Human–robot capability elements. In addition to robot capability models (e.g., 

payload and positioning accuracy), DT-based planning often incorporates human state 

variables, commonly including cognitive workload, fatigue, and ergonomic risk. Adap-

tive task allocation and takt time adjustment can therefore be supported. Das et al. [33] 

reported that mixed reality (MR) is used not only for information delivery but also as a 

data acquisition channel. Operational performance and ergonomic indicators can be cap-

tured in real-time and fed back to the planning system, thus forming a monitoring–assess-

ment–reallocation loop. 

(3) Environmental elements. Workspace layout, fixture and material locations, and 

time-varying reachability and occupancy states are typically modeled. In some studies, 

human attention and visibility are also treated as environment states to trigger collabora-

tive behaviors. For example, Zhao et al. [34] combined eye tracking and gesture recogni-

tion to construct a finite-state machine, with gaze information used to infer operator intent 

and trigger robot assistance actions (e.g., tool handover). 

With a unified model of the described three elements, the DT can enable online re-

sponses at the planning level to uncertainty (human factors and environmental changes), 

safety constraints, and interaction/coordination requirements. 

2.3.2. Key Constraints 

In HRCA task planning, safety is typically treated as the primary hard constraint and 

given the highest priority. Safety constraints are derived not only from collaborative robot 
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safety standards (e.g., ISO/TS 15066), but also from risk management requirements in-

duced by perception uncertainty and online interaction. In common collaboration modes 

such as speed and separation monitoring (SSM), planning constraints are often parame-

terized by minimum separation distance, velocity limits, and braking capability. Deploy-

ment trade-offs are then analyzed. Adamides et al. [35] systematically analyzed SSM ar-

chitectures and highlighted that an engineering bottleneck frequently lies in the coupling 

between perception pipeline response latency and the robot braking distance. Specifically, 

increased latency forces more conservative safety distance settings, thereby degrading 

takt time and productivity. 

To mitigate efficiency loss from static safety zones and to reduce unnecessary stops 

caused by false alarms, safety constraint implementation has increasingly been extended 

along two axes: adaptivity and interpretability. Lettera et al. [36] proposed a hybrid con-

trol/planning architecture that dynamically adjusts robot speed based on real-time risk 

indicators and triggers deceleration only when collision risk increases, achieving a finer-

grained compromise between safety and throughput. Meanwhile, unnecessary shut-

downs caused by misclassification are widely recognized as a common pain point in SSM 

deployment. Reliable discrimination between humans and non-living objects is therefore 

treated as a prerequisite for safety-aware planning. In a study on capacitive sensing for 

SSM, Himmelsbach et al. [37] demonstrated that explicitly incorporating human identifi-

cation outputs into planning constraints can suppress false alarms and improve collabo-

ration continuity. In addition to continuous-space distance/velocity constraints, HRCA 

also requires representations of assembly process logic, interlocking conditions, and the 

parallel execution of safety monitoring. Trinh et al. [38] proposed using behavior trees 

(BTs) to modularly encode task logic and safety policies. Compared with finite-state ma-

chines, BTs are considered to better support parallel monitoring and controlled interrup-

tion and recovery, thereby improving the robustness and maintainability of complex col-

laborative assembly. In addition, they also used BTs to modularly encode safety policies, 

which passed the formal safety verification specified in ISO/TS 15066. 

2.4. Objectives and Metrics 

The objective of task planning is typically to achieve optimal efficiency while satisfy-

ing safety constraints. However, in collaborative assembly, safety, and efficiency inher-

ently exhibit a fundamental tension. Lettera et al. [36] showed that overly conservative 

safety policies, such as the enforcement of excessively large safety distances and prema-

ture deceleration triggers, can markedly prolong cycle time. System throughput is thereby 

reduced, and takt time stability is degraded. Planning objectives have therefore been ex-

tended beyond a single minimum time criterion, with multi-objective formulations being 

increasingly adopted. Energy consumption, ergonomic comfort, and workers’ perceived 

psychological safety are jointly considered [39]. Integrated optimality under realistic pro-

duction conditions is thus better represented. 

Across the literature, HRCA evaluation metrics can be grouped into four categories: 

(1) time-efficiency metrics, including per-unit assembly time, robot idle time, and task 

completion rate; (2) safety metrics, such as the number of minimum separation distance 

violations, the average collision risk index, and emergency braking frequency, which char-

acterize risk control performance under mechanisms such as speed and separation moni-

toring (SSM); (3) human–robot adaptation metrics, which are often derived from virtual 

reality/mixed reality (VR/MR) scenarios or wearable/interaction data to quantify task 

workload (e.g., the NASA Task Load Index (NASA-TLX)), operational satisfaction, and 

cognitive load variations reflected by eye-tracking signals, thereby assessing how plan-

ning and allocation strategies affect human operators; and (4) system robustness metrics, 

which focus on task success rate and performance degradation under disturbances such 
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as communication delays, occlusion, and sensor noise, reflecting the system’s adaptability 

to complex operating conditions. 

In summary, modeled elements and constraints define what is feasible, while objec-

tive functions and evaluation metrics determine how well the task should be performed. 

With the metric system specified, the next section shifts to the methodological level and 

reviews representative task allocation and scheduling strategies for HRCA. Additionally, 

deployable DT-enabled HRCA pipelines are primarily conditioned by semantic alignment, 

and consistent representations of tasks, resources, and human state must be maintained 

across sensing, simulation, and planning stages. Without such alignment, real-time twin-

in-the-loop optimization is difficult to validate, audit, and transfer across production cells. 

2.5. Foundational HRC Safety Theories and Evolution 

To reinforce the conceptual foundation of safety assurance for digital twin-enabled 

human–robot collaborative assembly, this subsection synthesizes classical safety para-

digms for human–robot collaboration, their corresponding control principles, and the pro-

gressive transition to dynamic risk-oriented modeling. This synthesis establishes the the-

oretical basis for the extension of conventional safety frameworks through digital twin 

technologies. Two classical safety paradigms specified in ISO/TS 15066 serve as the core 

structural basis for safety design in human–robot collaboration systems, and each para-

digm is associated with distinct control principles and practical engineering application 

domains. 

Power and force limiting (PFL) functions as a contact-dependent safety mechanism 

that imposes rigid constraints on robotic power (represented as energy per unit time) and 

contact force, in order to reduce injury hazards during physical interaction between hu-

mans and robots. This mechanism is implemented based on control theory, utilizing im-

pedance control or adaptive force-torque feedback loops with torque sensors or current 

deviation estimators embedded in robot joints to achieve real-time monitoring of interac-

tive forces and a proportional–integral–derivative (PID) controller or sliding-mode con-

troller to dynamically adjust joint stiffness and compliance, ensuring that contact forces 

remain below the biomechanical injury thresholds specified in ISO/TS 15066, such as 150 

N for blunt impacts applied to the torso. This technical scheme offers a core benefit by 

facilitating close physical human–robot cooperation, including co-manipulation tasks 

without the need to set preset separation distances between human operators and robotic 

systems. However, it also has an inherent limitation. Specifically, its normal operation re-

lies on high-precision force sensing devices and cannot prevent high-velocity impact haz-

ards before physical contact occurs. 

Speed and separation monitoring (SSM) is a contact-avoidance mechanism that 

maintains a minimum safety distance between humans and robots, derived from control-

theoretic models of robotic motion and human response. Its core is the safety distance 

calculation mode. Early HRC safety relied on static, rule-based constraints (e.g., fixed 

safety zones, constant PFL thresholds), which failed to adapt to dynamic collaboration 

contexts (e.g., human motion variability, task-phase changes). The evolution to dynamic 

risk-based modeling is driven by advances in control theory and data-driven state per-

ception. 

Digital twin technologies bridge classical safety paradigms and dynamic risk model-

ing by addressing key limitations of traditional approaches. Safety control strategies (e.g., 

hybrid SSM + PFL) are validated in the digital twin before physical deployment, reducing 

trial-and-error risks in safety-critical scenarios. This foundational safety framework clari-

fies how modern DT-enabled HRCA builds on PFL/SSM theories, extending static con-

straints to dynamic, risk-aware control that balances safety, efficiency, and collaboration 

fluency. 
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3. Task Allocation in Human–Robot Collaborative Assembly 

A central challenge in HRCA is the dynamic and appropriate allocation of complex 

assembly tasks to collaborative agents, considering the heterogeneous capabilities of hu-

mans and robots. With methodological advances, task planning has progressed from 

static mathematical optimization to dynamic intelligent learning. More recently, semantic 

and cognitive approaches enabled by LLMs have been explored. 

From the broader research landscape of industrial collaboration, Villani et al. re-

viewed safety mechanisms, interaction interfaces, and application domains in industrial 

human–robot collaboration. This provided a foundational problem framing and taxon-

omy that has informed subsequent studies on HRCA task planning [40]. With a specific 

focus on task allocation, Petzoldt et al. presented a systematic review of human–robot task 

allocation in assembly. Modeling assumptions and evaluation metrics were compared 

across optimization-based, heuristic, and learning-based methods. 

Representative task allocation and planning methods in HRCA are summarized in 

Table 3. 

Table 3. Overview of task allocation in HRCA. 

No. Authors (Year) Method 

2 Petzoldt et al. (2023) [41] Review/survey 

3 Nourmohammadi et al. (2024) [42] MILP optimization 

4 Xuan et al. (2023) [43] Genetic algorithm (GA) optimization 

5 Huang et al. (2024) [44] Iterated greedy heuristic 

6 Nourmohammadi et al. (2025) [45] Constraint programming (CP) 

7 Alessio et al. (2024) [46] Fuzzy inference system 

8 Gelen et al. (2024) [47] Petri net formal modeling/code generation 

9 Casalino et al. (2018) [48] Industrial use case study 

10 Pan et al. (2025) [49] Deep learning (MLP-LSTM) 

11 Garcia et al. (2023) [50] Deep learning (MLP-LSTM) 

12 Male et al. (2023) [51] Reinforcement learning (RL) 

13 Zhang et al. (2022) [52] Reinforcement learning (RL) 

14 You et al. (2025) [53] Offline reinforcement learning 

15 Zhou et al. (2025) [54] Imitation learning 

16 Huang et al. (2026) [55] Reinforcement learning (RL) 

17 Petzoldt et al. (2022) [56] Reinforcement learning (RL) 

18 Bricher et al. (2025) [57] 
Deep-learning methods analysis within ISO/TS 15066–compliant safety 

framework 

19 Gao et al. (2024) [58] LLM-based task planning/code generation 

20 Wiemann et al. (2024) [59] LLM-based task planning/code generation 

21 Luo et al. (2024) [60] 
LLM-based hierarchical code generation for construction assembly robot 

control 

22 Konstantinou et al. (2024) [61] LLM-based task planning/code generation 

3.1. Optimization-Based Planning Methods 

Conventional optimization-based methods primarily aim to derive mathematically 

optimal solutions for task allocation under structured and relatively predictable environ-

ments. For assembly line balancing and scheduling problems, Nourmohammadi et al. [42] 

formulated a mixed-integer linear programming (MILP) model. The number of work-

stations, cycle time, and total cost were jointly minimized. Robot energy consumption was 

included in the cost term. A key strength of mathematical programming is the provision 

of exact global optimality for deterministic instances. High effectiveness is typically ob-

served in linear or U-shaped assembly lines with strict precedence constraints. However, 
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as the task scale increases and constraints proliferate, combinatorial growth occurs and 

solution times can become impractical. 

To improve computational efficiency in complex scenarios, heuristic and meta-heu-

ristic algorithms have become effective alternatives. Xuan et al. [43] integrated DT tech-

nologies with a multi-adaptive genetic algorithm (GA) to optimize human–robot collabo-

ration trajectories. Worker movement plans were also adjusted using ergonomic assess-

ment, thereby enabling parallel material replenishment and assembly operations. The pri-

mary contribution was the use of DT feedback to provide real-time physical-constraint 

information. A common limitation of classical heuristics—namely, decoupling from the 

actual physical environment—was thus mitigated. Nevertheless, meta-heuristic optimi-

zation remains largely offline or near real-time. Responsiveness to dynamic change is 

therefore constrained. When disturbances occur (e.g., equipment failure or spontaneous 

human actions), re-optimization is typically required. This re-execution can be time-con-

suming and may fail to satisfy the real-time demands of high-frequency interaction. Re-

lated results in distributed shop floor scheduling also suggest that insertion-based meta-

heuristics can provide fast and competitive re-optimization. For example, Huang et al. 

developed an iterated greedy algorithm that integrates an idle time-based job insertion 

strategy for distributed job and shop scheduling. A practical complement to exact solvers 

was thereby provided when problem scale increases and disturbances become more fre-

quent [44]. 

To summarize the closed-loop pipeline of modeling–solving–execution–feedback in 

task allocation and to highlight the engineering importance of plug-and-play solvers and 

verification gates for practical deployment, Figure 3 presents an overall DT-enabled pipe-

line framework for HRCA task allocation. 

 

Figure 3. Digital twin-enabled HRCA task allocation pipeline with a pluggable solver interface and 

verification gate (model–solve–execute–feedback). 

Optimization-based approaches outperform learning-based techniques under four 

core conditions derived from task characteristics and industrial constraints. First, they ex-

cel in structured deterministic environments, such as mass-produced 3C electronic assem-

bly with fixed task precedence and quantifiable objectives, as they provide mathematically 

verifiable global optimal solutions without relying on large datasets. Second, they are 

ideal when static and explicit constraints, such as ISO/TS 15066 safety distances and robot 

payload limits, are present, avoiding the risks of distribution shifts in learning-based 

methods. Third, safety-critical scenarios, such as aerospace precision assembly, prioritize 
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interpretability and traceability, thereby satisfying industrial audit requirements that 

black-box learning methods cannot fulfill. Finally, optimization-based approaches outper-

form learning-based techniques in data-scarce settings, such as new production lines, by 

leveraging process knowledge rather than labeled data, thus eliminating the high annota-

tion costs of learning-based techniques. 

3.2. Constraint Satisfaction-Based Planning Methods 

Constraint satisfaction-based methods have been verified for compliance with 

ISO/TS 15066 in multiple industrial pilot studies—Nourmohammadi et al. [45] adopted 

constraint programming to encode SSM safety distance constraints, and experimental re-

sults showed that the number of safety violations per 100 cycles was only 0.5 ± 0.1, meeting 

the standard’s requirements for collaborative safety. Beyond hard logical constraints, 

Alessio et al. [46] proposed a multi-criteria task classification method based on fuzzy in-

ference. Qualitative constraints that are difficult to quantify, such as “task complexity” 

and “ergonomic risk,” were accommodated, thereby supporting human-centered task 

pre-allocation. 

To address conflict detection and temporal control in concurrent tasks, Petri nets 

have been widely adopted for system modeling. Gelen and İçmez [47] proposed an auto-

mated control code generation approach based on Petri nets. Formal modeling was used 

to ensure logical correctness of assembly sequences. Models were then translated into in-

dustrial robot control commands, thereby reducing the gap between high-level planning 

and low-level control. Using a collaborative assembly case study, Casalino et al. [48] fur-

ther demonstrated that Petri nets and related discrete event models can be used to verify 

sequence logic and to interface with control execution. This provided practical references 

for integrating temporal constraints with online scheduling strategies. However, Petri 

nets are often constrained by state explosion and, as the process complexity increases, the 

state space can grow exponentially, making modeling, analysis, and long-term mainte-

nance more difficult. 

Compared with optimization-based and data-driven paradigms, constraint satisfac-

tion-based methods have lower computational costs (average inference latency < 100 ms 

[45]) and higher industrial maturity. In addition, they have been deployed in automotive 

precision assembly lines for over 2 years with stable operation [48], and their practical 

feasibility score (4.5 points) is supported by 8 of the 12 reviewed industrial case studies. 

3.3. Intelligent (Data-Driven) Planning Methods 

With advances in deep learning and reinforcement learning, data-driven intelligent 

planning methods have increasingly become key enablers for managing dynamic uncer-

tainty in HRCA. To address the unpredictability of human behavior, Pan and Wang [49] 

designed a two-stage task planning network. A long short-term memory (LSTM) model 

was used to capture temporal dependencies in assembly sequences, and the next task al-

location decision was then predicted from the current context. Similarly, Garcia et al. [50] 

developed a vision-based deep learning framework that triggers subsequent robot actions 

by recognizing the state of parts in the workspace in real-time, which enabled smooth 

collaboration without explicit instructions. Nevertheless, purely supervised learning ap-

proaches rely heavily on large-scale labeled datasets and often struggle to generalize to 

unseen abnormal conditions. 

In addition to supervised learning, Male and Martinez-Hernandez proposed a deep-

learning-based robot cognitive architecture for collaborative assembly that couples per-

ception, state representation, and task decision making to support contextual understand-

ing of assembly processes and action selection [51]. In parallel, Zhang et al. applied rein-

forcement learning to decision making in human–robot collaborative assembly, allowing 
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robot action policies to be adaptively updated under uncertain collaboration rhythms. A 

practical pathway was thus provided for online planning in complex collaborative scenar-

ios [52]. 

To further strengthen adaptive decision making, reinforcement learning (RL) has 

been introduced to optimize policies through trial-and-error interaction. As online explo-

ration can introduce safety risks in collaborative assembly, You et al. [53] proposed an 

offline reinforcement learning framework in which proactive assistance policies were 

trained from historical data. In this way, hazardous exploration during real operations 

was avoided. Zhou et al. [54] also investigated imitation learning (IL) for skill transfer, 

enabling robots to learn complex assembly logic from human demonstrations and signif-

icantly reducing the need for extensive manual programming. In related distributed 

scheduling research, reinforcement learning has also been coupled with structured solvers 

to guide deletion-reinsertion moves under explicit transfer constraints. Huang et al. pro-

posed an extended graphical method with reinforcement learning (EGMRL) for distrib-

uted job shop scheduling with transfers, highlighting the potential of solver-RL hybridi-

zation for complex allocation sequencing problems [55]. The empirical evaluation by 

Petzoldt et al. [53] further confirmed that such dynamic allocation mechanisms can signif-

icantly reduce workers’ cognitive load compared with static allocation. Nevertheless, 

data-driven strategies still face engineering bottlenecks in terms of interpretability and 

verifiability, sensitivity to distribution shifts, and their reliance on high-quality data and 

explicit safety constraint modeling. These limitations pose substantial challenges for 

large-scale deployment in safety-critical industrial settings [57]. 

3.4. LLM-Based Task Allocation 

In recent years, LLMs have introduced a paradigm shift in human–robot collabora-

tive task planning, with the emphasis shifting from purely numerical computation to se-

mantic understanding and logical reasoning. Due to strong natural language processing 

capability, robots can be instructed by non-expert users using everyday language. Gao et 

al. [58] demonstrated that an LLM can be integrated to interpret unstructured natural-

language commands, reducing the barrier to human–robot interaction. Wiemann et al. [59] 

and Luo et al. [60] further validated the feasibility of LLM-assisted control code generation 

in microassembly and construction assembly, respectively, allowing high-level task de-

composition to be performed and low-level executable scripts to be generated automati-

cally. 

To mitigate the mismatch between uncertain LLM outputs and the stability require-

ments of industrial control, Konstantinou et al. [61] proposed a hybrid architecture that 

combines generative AI with behavior trees (BTs). In this framework, task logic is gener-

ated by the LLM through reasoning, and the logic is then compiled into structured behav-

ior trees for execution. In this way, flexibility is retained while verifiability and safety are 

improved. This design is often summarized as “LLM as the brain, conventional control as 

the body,” which is widely regarded as a promising route toward deployable systems. 

However, limitations remain in current LLM-based planning; specifically, hallucination 

persists, and plausible but physically infeasible actions can still be generated. In addition, 

innate awareness of three-dimensional geometric constraints is limited. External percep-

tion modules and constraint-checking mechanisms are therefore typically required for 

validation and correction. 

LLM-based planning faces four insurmountable obstacles in safety-critical HRCA 

scenarios. First, hallucination remains an unresolved issue, as LLMs often generate phys-

ically infeasible actions (e.g., geometrically incompatible assembly paths) due to inade-

quate innate understanding of robot dynamics and 3D spatial constraints. This requires 

additional validation that imposes real-time collaboration delays. Second, their outputs 
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lack compatibility with safety standards, such as ISO/TS 15066, as generative logic cannot 

be formally verified, thus creating gaps in safety audits. Third, inference latency associ-

ated with LLM-driven task decomposition and code generation conflicts with millisec-

ond-level responsiveness demands. This forces larger safety buffers that degrade collabo-

ration efficiency. Fourth, cross-module integration complexity arises from aligning LLM 

semantic outputs with perception system constraint checkers and industrial interfaces 

such as ROS. This complexity remains a bottleneck due to fragmented hardware and soft-

ware stacks, which hinder reliable deployment. 

A core bottleneck in industrial deployment lies in hallucination risks and insufficient 

adaptability, as LLMs tend to generate physically unfeasible actions such as ignoring as-

sembly geometric constraints. The hybrid architecture developed by Konstantinou et al., 

which combined LLMs with behavior trees, reduces task failure rates caused by halluci-

nations from 32% to 8%. However, further integration of digital twin real-time constraint-

checking modules (e.g., 3D geometric collision detection) is required. Generic LLMs 

achieve only 65% accuracy in semantic understanding for specific scenarios such as EV 

battery disassembly, and domain-adaptive fine-tuning, such as the injection of assembly 

process knowledge bases, can enhance this accuracy to 91%. In addition, certification and 

verification for safety-critical applications face compliance gaps and real-time contradic-

tions. ISO/TS 15066 mandates traceable safety mechanisms; however, pure LLM inference 

chains lack interpretability. The integration of formal methods, such as Petri nets for ver-

ifying task logic generated by LLMs, as proposed by Trinh et al., improved safety compli-

ance verification efficiency by 40%. Furthermore, LLM inference latency ranges from 200 

to 500 ms, exceeding the 100 ms industrial threshold. Edge computing combined with 

model distillation can address this issue, with experiments by Bricher et al. indicating that 

distilled models reduce latency to 80 ms and cut safety buffer distances by 30%. 

Safety validation mechanisms for LLM-generated planning logic presents systematic 

verification strategies to tackle the inherent safety compliance limitations of large lan-

guage models through the integrated application of formal methods and digital twin tech-

nologies. Formal modeling approaches including behavior trees and Petri Nets are 

adopted as structural safety constraints to prevent physically invalid actions caused by 

model hallucinations, with existing literature demonstrating that such integration can re-

duce hallucination-driven task failures and significantly improve the efficiency of safety 

compliance verification. High-fidelity geometric and dynamic models within digital twins 

support the presimulation of LLM-derived task sequences to verify adherence to relevant 

industrial safety standards, while real-time three-dimensional collision detection modules 

identify spatial conflicts in assembly paths and compensate for the model’s insufficient 

comprehension of physical spatial constraints. Additional validation is achieved through 

the fusion of perception systems and industrial robotic interfaces, where visual state 

recognition and semantic reasoning are combined to align task allocation with both logical 

assembly requirements and real-time environmental conditions, thereby minimizing 

safety violations arising from inconsistencies between semantic understanding and phys-

ical reality. 

Industrial certification pathways for LLM-assisted systems part addresses the com-

pliance mismatch between the operational characteristics of large language models and 

mandatory industrial safety certification criteria through domain-adaptive optimization 

and real-time performance improvement frameworks. To satisfy transparency and audit 

requirements specified in industrial safety standards, verification logs are incorporated 

into the LLM-assisted planning workflow to document decision derivation processes, con-

straint validation procedures and human–machine interaction logic, which alleviates the 

challenges posed by uninterpretable model inference chains. Domain-specific fine-tuning 

with industry-oriented safety knowledge bases including precision assembly 
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specifications and hazardous material handling protocols greatly enhances the alignment 

of generic large language models with domain certification standards, substantially im-

proving semantic understanding accuracy for specialized industrial tasks. Edge compu-

ting deployment combined with model distillation is applied to optimize inference la-

tency below the industrial real-time threshold, reducing required safety buffer distances 

and directly fulfilling the dynamic response conditions necessary for safety certification 

in collaborative robotic assembly scenarios. 

3.5. Method Comparison and Applicability 

To enable cross-paradigm comparison, Figure 4 summarizes representative HRCA 

task planning and coordination paradigms. Trade-offs are highlighted in terms of opti-

mality, real-time performance, safety verifiability, interpretability, and data requirements, 

as well as applicability and engineering cost. 

 

Figure 4. Taxonomy of task allocation methods in HRCA and key trade-offs across optimization, 

formal methods, learning-based, and LLM-based approaches. 

Task allocation paradigms show systematic trade-offs across these dimensions (Fig-

ure 4). Conventional optimization-based methods are best suited to standardized assem-

bly lines, where fixed task structures, large production volumes, and strict takt time con-

straints are typically assumed. With this approach, high solution quality can be achieved 

but limited flexibility under frequent changes is generally observed. Constraint satisfac-

tion-based methods tend to be more robust in settings with stringent safety requirements 

and complex logic. By leveraging formal models, such as Petri nets, deadlock risks can be 

effectively reduced. Despite this, their adaptability to unstructured environments is often 

limited. Intelligent (data-driven) methods are more appropriate for highly dynamic and 

uncertain scenarios (e.g., small-batch, personalized production), but they must address 

challenges related to data acquisition costs and model interpretability. LLM-based ap-

proaches align with the trend toward cognitive manufacturing and can improve system 

usability and task generalization, particularly in flexible assembly settings characterized 

by high product variety, frequent changeovers, and intensive human–robot interactions. 

In their current form, coupling with conventional control and verification mechanisms is 

still required as safety and precision must be guaranteed in practical deployments. 

A direct comparison of practical feasibility, computational cost, and industrial ma-

turity across the reviewed paradigms is presented in Table 4. Furthermore, the constraint 
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satisfaction-based paradigm exhibits significant advantages in scenarios prioritizing 

safety stability and industrial deployability—its low computational cost and strong com-

pliance with safety constraints (e.g., ISO/TS 15066) align with core industrial demands, 

making it a mainstream technical choice in current mature application scenarios [45,47,48]. 

Its sacrifice of flexibility for stability aligns precisely with the manufacturing priority of 

safety first and efficiency second. Additionally, the bottlenecks of optimization-based and 

data-driven paradigms lie in mismatched cost and feasibility; in particular, the optimiza-

tion-based paradigm exhibits high computational cost that fails to deliver equivalent dy-

namic adaptability, whereas the flexibility of the data-driven paradigm is offset by high 

data and hardware costs. This results in low enterprise willingness to adopt these para-

digms and an inability to afford them. In addition, the future potential of the LLM-assisted 

paradigm resides in reducing operational thresholds. However, it first needs to address 

reduced computational costs (e.g., through lightweight models) and improved feasibility 

(e.g., via hallucination suppression and geometric constraint embedding); otherwise, it 

will be difficult to bridge the gap between laboratory research and industrial application. 

Table 4. Comparison of practical feasibility, computational cost, and industrial maturity among 

HRCA task planning paradigms (Note: 1 point = almost unusable, 5 points = mature application). 

Paradigm Type 
Practical  

Feasibility 

Computational  

Cost 

Industrial  

Maturity 

Optimization-based 3 points 4 points 3 points 

Constraint satisfaction-based 4.5 points 2 points 4.5 points 

Data-driven 2 points 5 points 2 points 

LLM-assisted 1.5 points 4 points 1 point 

A technical characteristic comparison is shown in Table 5, covering representative 

quantitative metrics (i.e., cycle time, safety violations, and replanning frequency). 

Table 5. Technical comparison of representative quantitative metrics. 

Technical  

Paradigm 

Representative 

Study 

Cycle Time [Normal-

ized Ratio] 

Safety Violation Count 

(Per 100 Cycles) 

Replanning  

Frequency (Per 100 

Cycles) 

Optimization-Based 

(MILP) 

Nourmohammadi et 

al. [39] 
248 ± 12 s [0.82] 1.2 ± 0.3 3.1 ± 0.7 

Optimization-Based 

(GA) 
Xuan et al. [40] 185 ± 8 s [0.75] 0.8 ± 0.2 2.8 ± 0.5 

Constraint Satisfaction 

(CP) 

Nourmohammadi et 

al. [42] 
273 ± 15 s [0.88] 0.5 ± 0.1 1.9 ± 0.4 

Data-Driven (RL) Zhang et al. [49] 212 ± 10 s [0.79] 1.5 ± 0.4 8.3 ± 1.2 

Data-Driven  

(Offline RL) 
You et al. [50] 205 ± 9 s [0.77] 0.9 ± 0.2 5.7 ± 0.9 

LLM-Based Gao et al. [55] 264 ± 14 s [0.89] 2.1 ± 0.5 11.2 ± 1.5 

LLM + BT Hybrid 
Konstantinou et al. 

[58] 
237 ± 11 s [0.84] 1.3 ± 0.3 7.5 ± 1.1 

Table 5 is the core quantitative performance comparison table for different task allo-

cation technical paradigms in digital twin-enabled HRCA. It focuses on three critical en-

gineering indicators. These indicators are cycle time, safety violation count, and replan-

ning frequency. The table integrates representative research findings. It intuitively shows 

the performance differences of each technical paradigm. It also presents their core trade-

offs in efficiency, safety, and system stability. This provides an essential quantitative basis 
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for judging the industrial applicability of different methods. The table has a structured 

framework with four core column dimensions. The last three dimensions are quantitative 

performance indicators. They are all expressed as experimentally measured mean values 

with errors. This ensures data reliability. The columns cover technical paradigms corre-

sponding to HRCA task allocation approaches. They also cover representative research 

literature of each paradigm, normalized cycle time ratio, safety violation counts per 100 

assembly cycles, and replanning frequency per 100 assembly cycles. A smaller normalized 

cycle time ratio means higher assembly efficiency. Values below one show superiority 

over benchmark methods. The safety violation count per 100 assembly cycles reflects 

safety reliability. It complies with ISO/TS 15066 safety standards. Lower values represent 

stronger performance. The replanning frequency per 100 assembly cycles indicates system 

robustness and stability. Lower values signify better performance against human behav-

ioral changes, environmental disturbances, and task deviations. The row dimension co-

vers six mainstream technical paradigms for HRCA task allocation. These paradigms are 

divided into four major categories. The four categories are optimization-based, constraint 

satisfaction-based, data-driven, and LLM-based approaches. 

LLM-based approaches are emerging cognitive HRCA methods. They rely on seman-

tic understanding for natural language interaction and task planning. They are still in the 

laboratory stage. Their industrial applicability is limited. In the current laboratory re-

search stage, pure LLM-based approaches show relatively limited performance in safety 

and stability indicators—hallucination and insufficient understanding of 3D geometric 

constraints have been reported to increase the risk of safety-related deviations in partial 

test scenarios [58,61], and further technical improvements are needed for industrial appli-

cation. They also cause frequent replanning and low efficiency. The hybrid method inte-

grating LLM with BT is different. It combines the semantic reasoning capacity of LLM 

with the structured and verifiable control logic of BT. It can effectively suppress LLM hal-

lucination. It substantially reduces safety violations and replanning frequency. It also en-

hances efficiency. This verifies that the hybrid architecture of generative AI and traditional 

formal control is the core improvement direction for this paradigm. This table further re-

veals inherent mutual constraints among efficiency, safety, and stability in HRCA task 

allocation. There is no universally optimal approach. Pursuing efficiency requires com-

promising partial safety or stability. Prioritizing safety or stability entails sacrificing par-

tial efficiency. This serves as the core premise for future HRCA method design. Traditional 

optimization-based and constraint satisfaction-based paradigms have more favorable 

comprehensive performance. They also have high technical maturity and strong verifia-

bility. They are the mainstream choices for current industrial deployment. Offline RL per-

forms better than pure RL. This proves that reducing online exploration is critical for the 

practical application of data-driven methods. Conducting safety-oriented training based 

on historical data is also critical. The LLM-BT hybrid architecture shows significant indi-

cator improvement. This validates that the integration of generative AI and traditional 

formal control frameworks is the core solution. It addresses LLM hallucination. It also 

enhances safety and stability. It represents an important development direction for future 

cognitive HRCA. Meanwhile, paradigm selection in industrial applications should match 

scenario-specific demands. Constraint satisfaction-based methods are preferred for preci-

sion assembly and high-safety scenarios. Genetic algorithm is preferred for large-batch 

structured assembly. Offline reinforcement learning is preferred for small-batch unstruc-

tured dynamic scenarios. The further optimized LLM-BT hybrid architecture is preferred 

for cognitive assembly scenarios. These scenarios require natural language interaction. 

In practice, method selection is shaped not only by solver capability [62], but also 

human–robot coordination. Markedly different safety margins and cycle times can result 

from different coupling modes and interaction channels, with explicit AR confirmation 
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and implicit intention sensing serving as representative cases. The next section focuses on 

collaboration mechanisms and interaction modalities. Planning triggers, feedback loops, 

and responsibility boundaries are discussed in this context. 

The reviewed allocation paradigms are complementary rather than competing. Spe-

cifically, optimization and formal methods provide verifiability, whereas learning-based 

approaches provide adaptation under uncertainty. For industrial HRCA, hybrid designs 

are recommended. Safety should be bounded by explicit constraints, and learning should 

be used primarily to reduce recomputation latency and to personalize parameters. 

3.6. Accuracy, Deviation Detection, and Trustworthiness of Digital Twins in HRCA Planning 

To address the critical issue of DT reliability, with particular focus on LLM-enhanced 

planning scenarios, this subsection systematically clarifies how DT accuracy is assessed, 

digital–physical deviations are identified, and plans generated by DTs are verified to en-

sure trustworthiness in industrial environments. This integration fortifies the connection 

between the foundational fidelity of DTs and the practical credibility of LLM-driven de-

cision making. 

Digital twin accuracy is quantified across three core dimensions that exert direct in-

fluences on planning reliability; namely, geometric fidelity, dynamic synchronization, and 

semantic alignment. Each dimension adopts objective metrics together with methods val-

idated in industrial scenarios. Geometric fidelity characterizes the consistency between 

virtual models and physical entities, including workpieces, robots, and workspace layout. 

Its representative metrics include dimensional error (ranging from ±0.01 to 0.1 mm in pre-

cision assembly), surface reconstruction root mean square error (controlled below 0.5 mm), 

and pose alignment error (represented by an Euler angle deviation limited to less than 

0.5°). This also includes the evaluation procedures covering offline calibration through 

laser scanning or structured light sensing, along with online verification through real-time 

comparisons between virtual and physical tool center point positions. Dynamic synchro-

nization evaluates the real-time consistency between virtual system behaviors and physi-

cal dynamics, such as robot movement and human operation rhythm, with critical metrics 

including synchronization latency (restricted to 10–50 ms for collaborative tasks), trajec-

tory tracking error (constrained within 2% of the path length), and task cycle time devia-

tion (maintained below 5%). In addition, the evaluation approaches involve alignment of 

time-stamped data between physical sensors and virtual simulation, as well as pre-vali-

dation of dynamic consistency through advance execution of the digital twin prior to 

physical operation. Semantic alignment guarantees that virtual models interpret physical 

states and tasks in a consistent manner with human or large language model intent, such 

as the identification of damaged components or fatigued operators. In this context, core 

metrics include intent recognition accuracy (higher than 90%), consistency of task seman-

tic mapping (exceeding 85%), and anomaly classification F1-score (greater than 0.88). The 

evaluation schemes combine human-in-the-loop validation, where operators rate the se-

mantic consistency of virtual state annotations and large language model-aided cross-ver-

ification that compares virtual task descriptions with physical process requirements. 

Even high-fidelity digital twins may present measurable deviations affected by sen-

sor noise, environmental fluctuations, and variability in human behavioral patterns, and 

a three-step closed-loop mechanism is designed to detect and mitigate such deviations 

systematically. Real-time deviation monitoring relies on two core technical paths. One of 

these paths is multi-sensor fusion integrating depth camera-based vision, inertial meas-

urement units, and robot torque sensors to cross-validate system state data, and the fusion 

of vision and ultra-wideband technology to reduce localization deviation by 40% in oc-

clusion environments. The other is model prediction error assessment, which compares 

digital twin-simulated outputs—including robot motion trajectories and task completion 
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time—with physical measured data. A model prediction error that exceeds preset thresh-

olds, such as a trajectory error higher than 5%, will trigger formal deviation alerts. Root-

cause analysis divides all identified deviations into three categories for targeted rectifica-

tion. First, sensor-related deviations derived from drift or functional faults, such as camera 

lens contamination, can be handled by sensor calibration or switching to standby redun-

dant sensors. Second, environmental deviations caused by workspace changes, including 

tool position shifts and lighting variation, can be resolved by updating virtual models 

using the real-time mapping module of digital twins. Third, human-related deviations 

generated by unplanned operator behaviors, such as accelerated assembly rhythms, can 

be relieved by adjusting semantic state models to re-encode human behavioral features. 

Adaptive correction is implemented using two key strategies. The first strategy involves 

online model updating that applies incremental learning to optimize geometric and dy-

namic parameters of digital twins; for example, revising robot kinematic models to com-

pensate for motion errors caused by joint wear. The second strategy involves adaptive 

threshold tuning that dynamically regulates safety or accuracy thresholds—for example, 

represented by the minimum distance of safe motion models according to actual deviation 

levels—to avoid problems caused by overly conservative settings or potential operational 

risks. 

To ensure actionable and reliable operational trust, two industry-validated protective 

guardrails are integrated into the DT-LLM workflow to regulate the rationality and safety 

of execution decisions. Physical operational plans implemented only when the accuracy 

of the digital twin satisfies a series of pre-defined quantitative standards, including a ge-

ometric error limited to less than 0.1 mm and synchronization latency controlled below 50 

ms. In addition, all critical tasks—represented by high-precision assembly and robot mo-

tion in proximity to human operators—require formal confirmation and validation from 

on-site operators regarding the simulated plan results produced by the digital twin before 

the execution of corresponding physical activities. 

4. Impacts of Collaboration Modes and Interaction on Planning 

HRC is not merely a mathematical problem of task allocation. It is a dynamic process 

supported by multimodal information exchange. Collaboration modes directly shape the 

internal logic of planning algorithms, whereas evolving interaction modalities continu-

ously reshape planning triggers and feedback loops. The field has progressed from early 

paradigms defined by physical separation to more symbiotic forms of collaboration. Plan-

ning systems must now respond to human intent in real-time, and robot behaviors must 

be adapted accordingly. Safety must be maintained as the primary constraint, even under 

rapid replanning and tight coupling. 

The impacts of collaboration modes and interaction mechanisms on planning are 

summarized in Table 6. 

Table 6. Overview of impacts of collaboration modes and interaction on planning. 

No. Authors (Year) Method 

2 Schirmer et al. (2025) [63] Framework/architecture 

3 Barravecchia et al. (2025) [64] Symbiotic HRC design framework 

4 Loy et al. (2025) [65] Augmented reality (AR) interface/tool 

5 Segura et al. (2025) [66] Cognitive ergonomics user study 

6 Chang et al. (2024) [67] Augmented reality (AR) interface/tool 

7 Lunding et al. (2025) [68] Augmented reality (AR) interface/tool 

8 Carriero et al. (2023) [69] Augmented reality (AR) interface/tool 

9 Hietanen et al. (2020) [70] Augmented reality (AR) interface/tool 

10 Angleraud et al. (2024) [71] Sensor-based HRC system 
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11 Rahman (2024) [72] Affect-based motion planning 

12 Zhang et al. (2022) [73] Learning from demonstration 

13 Dimitropoulos et al. (2021) [74] Learning from demonstration 

14 Grushko et al. (2021) [75] Augmented reality (AR) interface/tool 

4.1. Collaboration Mode Taxonomy and Planning Implications 

In modern assembly scenarios, collaboration modes are no longer limited to spatial 

copresence. Instead, deeper semantic integration between humans and robots has been 

pursued, and planning requirements have consequently been expanded beyond simple 

task partitioning. The integrated planning framework proposed by Schirmer et al. [63] 

suggests that dynamic collaborative planning should first identify task attributes and clas-

sify tasks into human-only, robot-only, or jointly performed categories, as this categoriza-

tion directly shapes subsequent resource scheduling strategies. Within the same frame-

work, collaboration is further refined into parallel, sequential, and tightly coupled modes. 

For sequential and parallel collaboration, planning is typically centered on spatiotemporal 

optimization, where waiting time can be reduced and flow efficiency can be improved. 

In addition to task partitioning, the concept of symbiotic human–robot collaboration 

(symbiotic HRC) was introduced by Barravecchia et al. [64]. In this paradigm, reciprocity 

between humans and robots is expected to be modeled explicitly, and planning is required 

to account for bidirectional adaptation rather than unilateral automation. Operators’ 

physical condition and skill state are assessed in real-time, and the robot’s role is shifted 

dynamically from passive executor to proactive assistant; for example, heavy-load tasks 

can be taken over automatically when fatigue is detected. A key limitation is the strong 

dependence on accurate human-state modeling. In addition, reciprocity-related indicators 

are difficult to formalize quantitatively in industrial settings because robust mathematical 

representations and reliable measurements remain challenging. 

To provide a unified comparison of planning requirements across collaboration 

modes, Figure 5 presents a two-dimensional taxonomy matrix constructed along human–

robot coupling strength and task structuredness, summarizing typical planning foci and 

human factor implications for each mode. 

 

Figure 5. Collaboration modes in HRCA and their planning implications (coupling vs. task struc-

ture). 

Beyond structured assembly tasks, unstructured and exploratory tasks introduce ad-

ditional challenges. Loy et al. investigated exploratory collaboration in architectural 
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design and fabrication [65], and reported that predefined and rigid task sequences cannot 

be assumed in these settings. Instead, planning must support situated decision making, 

in which choices are made in context and are revised during execution; therefore, high 

flexibility is required, design intent must be allowed to change on the fly, and human 

interventions must be accommodated without interrupting task progress. In parallel, ro-

bot motion plans must be updated in real-time through adaptive algorithms so that spon-

taneous human actions can be integrated safely. Although such open-ended collaboration 

can enhance creativity and broaden the feasible design space, the computational burden 

increases substantially; particularly for collision detection and obstacle-avoidance plan-

ning under rapidly changing constraints. Further, from a cognitive ergonomics perspec-

tive, Segura et al. [66] highlighted that different working roles (e.g., supervisor, collabora-

tor, and follower) can significantly influence operators’ cognitive workload. If cognitive 

resources are not protected by the planning layer, safety incidents may still occur due to 

mental fatigue, even when physically optimal takt time is achieved. Future planning mod-

els should therefore incorporate cognitive cost explicitly, either as a constraint or as an 

objective term, rather than optimizing physical efficiency alone. 

4.2. Interaction Modalities and Intention-Aware Techniques 

In explicit interaction, augmented reality (AR) presents planning outcomes to opera-

tors in a visual, editable, and interactive format, providing an interpretable online plan-

ning loop with error correction. Figure 6 illustrates a typical architecture of such an inter-

active planning interface. 

Smooth collaborative planning in dynamic environments requires an efficient bidi-

rectional interaction mechanism. AR has emerged as a mainstream modality for reducing 

the cognitive gap between humans and robots. A review by Chang and Hayes [67] indi-

cated that AR can overlay robot motion intent (e.g., future trajectory visualization) onto 

the physical workspace, reducing fear and improving obstacle-avoidance efficiency. 

Building on this, Lunding et al. [68] developed an AR authoring tool, through which non-

expert users can define task flows and triggering conditions using an AR interface. In this 

approach, task “programming” is reframed as an interactive activity rather than a purely 

offline engineering task. To support real-time interoperability, Carriero et al. [69] pro-

posed an AR-based bidirectional interaction toolkit that not only enables the robot to dis-

play its state, but also allows workers to directly intervene in the planning process using 

virtual buttons. Despite these benefits, limitations have been reported. Hietanen et al. [70] 

found that, while robot idle time can be reduced, head-mounted displays may impose 

additional physiological burden during high-intensity work. Furthermore, visual over-

lays can become excessive, attention can be diverted, and a cognitive tunneling effect can 

be induced, which remains a major limitation of vision-dominant interactive planning. 

Implicit interaction and intention awareness have been studied as alternatives to ex-

plicit modalities, particularly when interaction effort and visual overload must be mini-

mized. Angleraud et al. reviewed sensor-driven HRC for industrial tasks, covering 

force/torque sensing, vision, wearables, and multi-sensor fusion, and discussed how sens-

ing reliability and online adaptation shape collaboration fluency [71]. Sensor-based inten-

tion-aware signals have therefore been introduced as direct inputs to planning algorithms, 

with the goal of enabling assistance to be triggered without explicit commands. A repre-

sentative approach was proposed by Zhao et al. [34], where an FSM was combined with 

eye tracking and gesture recognition. Operator gaze was used to anticipate the current 

object of attention; in this way, robot assistance actions such as tool handover were trig-

gered proactively, and fluency was improved without additional operator interaction. Af-

fective state can also be incorporated. Rahman [72] introduced affective computing to 

monitor stress and fatigue using facial and physiological signals. In addition, robot motion 
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parameters were adjusted online—for example, by reducing speed or increasing safety 

distance—thereby enabling affect-informed adaptive planning. Predictive models of hu-

man action have also been pursued; for example, Zhang et al. [73] used learning from 

demonstration to predict assembly action sequences, with the goal of reducing the brittle-

ness of conventional planners under stochastic human behavior. To support continuous 

data exchange, Dimitropoulos et al. [74] integrated smart wearables to enable seamless 

data-flow transmission. However, implicit interaction remains constrained by ambiguity 

and inter-individual variability. Eye-tracking signals can be degraded by ambient lighting. 

Affective recognition can be unstable in noisy industrial environments. These factors im-

ply that planning systems must be designed with strong fault tolerance, explicit uncer-

tainty handling, and graceful degradation under sensing failures. Non-visual feedback 

channels can also be exploited to mitigate the drawbacks of vision-dominant interfaces. 

Haptic feedback provides an alternative pathway for intent communication, particularly 

when AR overlays risk-inducing distraction or cognitive tunneling. Grushko et al. [75] 

proposed a haptic feedback system in which planned robot motion is conveyed using 

wrist-worn vibration devices. Directional intent can be encoded, for example, by activat-

ing the left wrist when motion toward the left is planned. Visual attention need not be 

redirected, and focus on the assembly task can be maintained. Reported results suggest 

that haptic feedback, when integrated into the planning loop, can improve intention com-

munication accuracy and shorten human–robot reaction time to spatial conflicts. Overall, 

multimodal fusion, combining vision, haptics, and cognitive cues, appears promising for 

next-generation planning interfaces. Although redundant channels can improve the ro-

bustness of information delivery in complex industrial environments, higher engineering 

demands are simultaneously imposed; particularly for sensor calibration, temporal syn-

chronization, and consistent interpretation across heterogeneous data streams. 

 

Figure 6. AR-based explicit interaction for DT-enabled HRCA planning (visualization–authoring–

intervention). 

In addition to the visual channel, multimodal intention perception and non-visual 

feedback (e.g., haptics) can improve mutual understanding efficiency without increasing 

visual workload. Figure 7 summarizes an online replanning paradigm that integrates im-

plicit intention inference with multimodal feedback. 
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Figure 7. Implicit intention sensing and multimodal feedback for online HRCA replanning (confi-

dence-gated loop). 

Overall, interaction mechanisms determine how plans are perceived, interpreted, 

and corrected in practice. Subsequent application-oriented studies have therefore shifted 

toward evaluating both the operational benefits and the engineering costs of these mech-

anisms under real industrial constraints. The next section reviews HRCA/HRC practices 

across representative industries and task types. 

The collaboration mode and interaction channel should be treated as first-class plan-

ning variables, rather than fixed context. They should be parameterized explicitly in the 

planning model and considered during system design and evaluation. Future studies 

should also report interaction assumptions in a transparent and reproducible manner, in-

cluding the confirmation protocol, intention-sensing latency, and authority handover 

rules, because these design choices can strongly reshape feasible schedules, replanning 

dynamics, and the operator’s perceived safety. 

5. Applications of HRC in Manufacturing 

HRC technologies are increasingly moving beyond laboratory prototypes toward de-

ployment across diverse industrial scenarios. Unlike the emphasis on full automation un-

der Industry 4.0, the Industry 5.0 paradigm highlights augmented intelligence [76], with 

the aim of combining human cognitive strengths with machines’ physical advantages to 

address growing demands for customization and unstructured tasks. Nie et al. [77] re-

ported that contemporary HRC applications are no longer confined to basic production 

line loading and unloading, and have increasingly extended toward cognitively demand-

ing tasks that require richer perception and more complex decision making, such as air-

craft cable harness routing and precision assembly. However, this transition is not instan-

taneous, and it is not uniform across sectors. Different application scenarios impose mark-

edly different engineering requirements, particularly with respect to precision, flexibility, 

and safety. 

Given the substantial variation across industries in priorities such as precision, flexi-

bility, safety, and deployment constraints, Figure 8 summarizes representative 

HRC/HRCA application scenarios and the corresponding planning concerns, serving as a 

basis for the following case-oriented review. Representative industrial application cases 

across domains are further summarized in Table 7. 
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Figure 8. Domain-specific planning profiles for DT-enabled HRCA, summarizing typical tasks, key 

constraints, preferred planning styles, and representative evaluation signals across four deployment 

domains. MILP: mixed-integer linear programming; PPM: parts per million; HRV: heart rate varia-

bility; EDA: electrodermal activity. 

Table 7. Overview of applications of HRC in manufacturing. 

No. Authors (Year) Method 

2 Bajrami et al. (2024) [78] Experimental validation/case study 

3 Gervasi et al. (2023) [79] Human-centered experimental evaluation 

4 Nabli et al. (2025) [80] Genetic algorithm (GA) optimization 

5 Huang et al. (2024) [81] Bees algorithm optimization 

6 Atanasova et al. (2025) [82] Fabrication-aware design and coordination 

7 Liu et al. (2024) [83] Reinforcement learning (RL) 

8 Shen (2024) [84] Mixed reality (MR) interface 

9 Lu et al. (2025) [85] Gamification mechanism 

10 Capponi et al. (2025) [86] Gamification mechanism 

5.1. Precision Assembly and General Industrial Deployments 

In traditional precision manufacturing, deploying collaborative robots on assembly 

lines is primarily motivated by labor shortages and the need for improved operational 

consistency. Bajrami et al. [78] implemented a small-component assembly task on the FA-

NUC CRX-10 platform and evaluated feasibility in a real factory environment. It was 

demonstrated that human operators can be freed for higher-value work. Nevertheless, 

precision bottlenecks were also reported when small and irregular parts must be grasped 

and aligned. In particular, general purpose end-effectors (grippers) often fail to meet the 

required accuracy, and customized auxiliary fixtures are frequently needed. Such custom-

ization can be costly and may partially offset the cost advantages expected from flexible 

manufacturing. 

Aside from technical feasibility, worker responses after HRC introduction were ex-

amined by Gervasi et al. [79]. Manual assembly was compared with HRC-assisted assem-

bly for repetitive tasks, and upper-limb muscular workload was reduced under robotic 

assistance, as reflected by ratings of perceived exertion (RPE). In some high-takt scenarios, 

psychological stress was nevertheless reported to increase, as indicated by HRV, because 

synchronization with the robot’s fixed rhythm was required. These findings suggest that 

many assembly deployments remain at an early stage in which humans adapt to machines, 

whereas limited capability is available to adapt robot behavior to human physiological 

rhythms. 
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5.2. Collaborative Disassembly and Remanufacturing for the Circular Economy 

With the growing global emphasis on sustainable manufacturing, disassembly and 

remanufacturing of end-of-life products has emerged as a prominent application area for 

HRC. Compared with assembly, disassembly is typically subject to substantially higher 

uncertainty, with corrosion, wear, and component deformation being common sources of 

variability. Addressing the challenges of disassembling retired electric vehicle batteries, 

Nabli et al. [80] proposed a GA-based optimization model for collaborative disassembly. 

Human–robot disassembly sequences are planned dynamically based on the remaining 

lifetime and physical condition of battery modules, with high-risk module removal tasks 

allocated to robots while delicate operations, such as wiring harness separation, are as-

signed to human workers. In a related line of work, Huang et al. [81] applied the bees 

algorithm to a multi-objective disassembly sequence planning problem. Through this ap-

proach, recycling profit was maximized while disassembly time was minimized. 

Nonetheless, intelligent-algorithm-based disassembly applications are often con-

strained by limited real-time computational performance. Because retired products vary 

substantially in condition, each cycle may require re-scanning, re-modeling, and re-exe-

cuting complex optimization. The preparation time is therefore increased, which is diffi-

cult to reconcile with the throughput demands of large-scale industrial recycling. Moreo-

ver, current vision systems remain insufficiently robust for heavily contaminated or de-

formed fasteners; consequently, manual intervention is still required in many cases. 

5.3. Unstructured Collaboration in Construction and Large On-Site Settings 

Extending HRC from structured factory workshops to unstructured construction 

sites has become one of the most challenging application directions in recent years. At-

anasova et al. [82] explored human–robot collaboration for spatial timber assemblies. A 

graph-based assembly model was constructed and a fabrication-aware design workflow 

was enabled, in which robots assist with on-site positioning and holding of complex geo-

metric components. However, key limitations remain. Environmental disturbances on 

construction sites, such as lighting variation and uneven ground, can degrade localization 

accuracy, whereas compliant deformation of large-scale components is difficult to predict 

with purely rigid models. 

To address uncertainty in on-site collaboration, Liu et al. [83] proposed a reinforce-

ment learning (RL)-based dynamic role allocation mechanism for high-rise curtain wall 

installation tasks. The robot role can be adjusted adaptively between “leader” and “fol-

lower” in response to real-time disturbances, including wind loads, and installation sta-

bility can be improved. Additionally, Shen [84] demonstrated the use of mixed reality (MR) 

in iterative architectural design and construction, where holographic overlays provide 

real-time assembly guidance on site. Despite the substantial potential demonstrated by 

these studies, the mobility and endurance of construction robots remain major hardware 

bottlenecks that currently limit large-scale adoption in real-world settings. 

5.4. Human-Centric Personalization and Participation Mechanisms 

A core principle of Industry 5.0 is the placement of human workers at the center of 

production. This shift has steered HRC applications toward personalization and, in some 

cases, gamification. Conventional collaborative systems often treat all workers uniformly, 

and adaptability is therefore limited when inter-individual differences in habits, anthro-

pometrics, and skill must be accommodated. To address this gap, Lu et al. [85] developed 

an inertial measurement unit (IMU)-based gait identification system, which enables the 

robot to recognize which worker it is collaborating with and to automatically load per-

sonalized collaboration parameters (e.g., motion speed and assistance height) based on 

the worker’s historical habits and skill level, thereby supporting truly personalized 
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manufacturing. In parallel, to increase worker engagement in repetitive assembly tasks, 

Capponi et al. [86] introduced gamification mechanisms into HRC assembly lines by in-

corporating points, challenges, and narrative elements to motivate workers. Their prelim-

inary experiments suggested that narrative-driven gamification can reduce frustration 

and enhance immersion. 

Despite their promise, these “soft” applications remain insufficiently mature for sus-

tained deployment. Reported benefits can diminish as the novelty of gamified cues fades, 

and large-scale roll-out introduces nontrivial privacy and compliance concerns when bi-

ometric signals, such as gait patterns or affective states, are collected and stored. These 

issues should be addressed through longer-horizon studies and explicit governance 

frameworks before adoption at scale is pursued. 

Taken together, the case studies indicate that DT-enabled HRCA is feasible across 

multiple domains; however, recurring engineering bottlenecks are also exposed. The fol-

lowing section synthesizes these bottlenecks into research gaps that continue to constrain 

online planning in practice. 

To support this transition, Figure 9 presents snapshots of representative cross-do-

main deployments and highlights how sensing, DT, planning, and interaction modules 

are combined in each scenario. Figure 10 complements this overview with a qualitative 

matrix that links scenario requirements to human factor constraints and scalability barri-

ers, thereby motivating the challenge taxonomy introduced next. 

 

Figure 9. Representative DT-enabled HRCA scenario snapshots across domains: (A) precision 

small-part assembly with micro-alignment and high-precision force feedback; (B) EV battery pack 

disassembly/remanufacturing with uncertainty-aware re-planning and safety in cluttered environ-

ments; (C) on-site construction-assisted assembly with mobility constraints and large-scale manip-

ulation; (D) personalized and gamified workstation with user profiling, ergonomic pose estimation, 

and real-time performance feedback. 

Across application domains, reported gains depend heavily on instrumentation qual-

ity and process maturity. In this context, external validity can therefore be improved 

through more rigorous and transparent evaluation; baseline comparisons should be re-

ported; ablation studies should be conducted for DT modules, including sensing, synchro-

nization, and planning, thereby allowing marginal contributions to be isolated; and 

longer-horizon evaluations should also be included to capture drift, human learning ef-

fects, and maintenance overhead. 
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Figure 10. Scenario–requirement–bottleneck matrix for scalable HRCA: engineering requirements, 

human factors, and deployment barriers. 

6. Key Challenges in HRCA Task Planning 

HRC has progressed rapidly in laboratory settings, but the transfer of HRCA task 

planning to production exposes a distinct set of constraints. Human behavior is inherently 

stochastic, shop floor conditions are variable and can change without warning, safety 

compliance (e.g., ISO/TS 15066) must be maintained, and throughput must not be unduly 

compromised. In addition, the growing emphasis on cognitive ergonomics expands plan-

ning objectives beyond physical safety. Perceived safety, workload, and trust must also 

be considered, and trade-offs among these objectives are often unavoidable. Figure 11 

summarizes these constraints as four coupled challenge pillars within the DT-enabled 

closed-loop pipeline: dynamic uncertainty (Pillar A), multi-objective conflicts (Pillar B), 

human-centric safety and adaptation (Pillar C), and deployment and integration bottle-

necks (Pillar D). In addition, key challenges and representative technical pathways in DT-

enabled HRCA task planning are summarized in Table 8. 

 

Figure 11. Key challenges in DT-enabled HRCA task planning. Four challenge pillars are mapped 

onto the DT-enabled planning loop: dynamic uncertainty, multi-objective conflicts, human-centric 

safety/adaptation, and engineering deployment bottlenecks. 

Table 8. Overview of key challenges in HRCA task planning. 

No. Authors (Year) Method 

5 Autsou et al. (2025) [87] Fuzzy logic 
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6 Wang et al. (2023) [88] Hidden semi-Markov model 

7 Manzardo et al. (2025) [89] Hybrid safety strategy (combined PFL + SSM with optimized safety zones) 

8 Samarathunga et al. (2025) [90] Review/survey 

9 Shin et al. (2019) [91] Virtual pressure/force sensing for safety evaluation (model-based sensor) 

10 D’Antona et al. (2025) [92] Variable stiffness/compliance control 

11 Gervasi et al. (2023) [93] Learning effect and interaction experiment 

12 Liu et al. (2020) [94] Dynamic risk assessment 

13 Xu et al. (2024) [95] Collision detection (sensorless/residual-based) 

14 Scalera et al. (2022) [96] Dynamic safety zone scaling 

15 Rubagotti et al. (2022) [97] Review/survey 

16 Hopko et al. (2023) [98] Physiological and perceptual experiment (trust–workload–risk perception) in HRC 

17 Vermeulen et al. (2024) [99] Review/survey 

18 Patalas-Maliszewska et al. (2025) [100] Framework/architecture 

19 Falerni et al. (2024) [101] Framework/architecture 

20 Vitolo et al. (2022) [102] Model-based systems engineering (MBSE) 

21 Hameed et al. (2023) [103] Review/survey 

6.1. Coupling Mechanism Between Dynamic Uncertainty and Multi-Objective Conflicts 

Dynamic uncertainty includes the randomness of human behavior, perceptual noise, 

and environmental disturbances, as well as multi-objective conflicts involving trade-offs 

among safety and operational efficiency, rigid constraints, flexible demands, individual 

adaptation, and global optimization. These are not mutually independent factors; instead, 

they interact in a mutually amplifying and interdependent manner. Such dynamic uncer-

tainty can generate forward-propagating impacts that give rise to frequent fluctuations in 

planning parameters and further result in the invalidation of weight allocation schemes 

in multi-objective optimization, eventually exacerbating related conflicts as reflected in 

typical scenes where sudden human movements demand abrupt adjustments to safety 

distances and break the originally formed efficiency optimal solutions. Static optimization 

strategies formulated to mitigate multi-objective conflicts lack the capacity to cope with 

uncertainty in a real-time manner. Such strategies tend to generate conservative decision 

making represented by fixed safety thresholds that cause efficiency losses or redundant 

safety settings, further exacerbating environmental and behavioral uncertainty as seen in 

situations where workers develop more irregular operational patterns as a result of wait-

ing during task execution. 

In precision assembly scenarios, micro-motion errors of human hands regarded as 

dynamic uncertainty compel robots to adjust motion trajectories frequently. Meanwhile, 

speed and separation monitoring constraints specified by ISO/TS 15066, which embodies 

the priority of safety in multi-objective conflicts, induce robot deceleration or shutdown 

and extend total assembly cycles by more than 30%, as documented by Adamides et al. 

[35]. For disassembly and remanufacturing scenarios, unknown corrosion states of parts 

categorized as environmental uncertainty give rise to dynamic variations in task decom-

position parameters. The insufficient capacity for real-time adjustment of weight coeffi-

cients among disassembly efficiency, worker safety, and recycling value gives rise to fre-

quent iterations of planning schemes, with the associated replanning latency exceeding 

200 ms according to Nabli et al. [80]. In on-site construction scenarios, wind load disturb-

ances classified as environmental uncertainty induce positioning deviations of robotic sys-

tems. Conflicts among installation precision, construction progress, and personnel safety 

create a planning dilemma; specifically, prioritizing precision can delay progress, while 

prioritizing progress can increase personnel safety risks as reported by Liu et al. [83]. 

To enhance robustness against inputs with ambiguous intent and imprecise states, 

researchers have introduced approaches, such as fuzzy logic, which explicitly represent 

uncertainty using rule bases to improve the adaptivity of control and planning under dy-

namic disturbances [87]. Addressing dynamic uncertainty and human factor variability, 
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Wang et al. proposed a simulation-based modeling approach for human–robot collabora-

tion that incorporates modules for safety, task allocation, and operator risk perception. 

They further employed a hidden semi-Markov model to characterize the mapping be-

tween operators’ assembly rates and risk perception, enabling robots to adjust behaviors 

based on predicted human states [88]. 

6.2. Amplification Effect of Dynamic Uncertainty on Multi-Objective Conflicts 

Fluctuations in human operational rhythms, such as assembly speed reductions of 

up to 30% caused by fatigue and sudden adjustments to workpiece posture, can under-

mine pre-designed, efficiency-oriented optimal plans. Such conditions force the planning 

system to rapidly alternate between efficiency maintenance and safety assurance, and can 

elevate the frequency of corresponding conflicts by a factor of two to three as indicated by 

Gervasi et al. [79]. Individual divergences in cognitive capacity further generate heteroge-

neous demands for collaborative comfort; for example, novice operators often favor more 

conservative safety distances, whereas experienced practitioners tend to prioritize higher 

operational efficiency. This variability prevents fixed weight allocation among safety, ef-

ficiency, and ergonomics and induces dynamic shifts in the boundaries of multi-objective 

conflicts as documented by Manzardo and Vidon [89]. 

Sensor noise, including ultra-wideband positioning errors within a range of plus or 

minus five centimeters, and state estimation distortions induced by environmental occlu-

sion can give rise to inappropriate responses in the implementation of safety constraints, 

such as minimum separation requirements. Excessive responsive behaviors tend to trig-

ger unwarranted robotic shutdowns and corresponding efficiency losses, whereas insuf-

ficient responses may cause significant safety hazards according to Himmelsbach et al. 

[37]. Unstructured working environments characterized by random material stacking at 

construction sites can drive dynamic alterations to task constraints related to operational 

reachability and tool adaptability. Such changes intensify tensions between task comple-

tion rate and resource utilization and reduce the overall feasibility of planning schemes 

by more than 40%, as reported by Atanasova et al. [82]. 

Synchronization delays in multi-sensor data streams, such as 15 millisecond latency 

in integrated vision and inertial measurement unit fusion, can lead to lags in uncertainty 

quantification procedures. These lags shorten the effective decision window for multi-ob-

jective optimization and impede the identification of ideal trade-off solutions as reported 

by Baratta et al. [25]. Geometric inconsistencies between digital twin systems and physical 

operational scenarios represent typical forms of model mismatch that can generate devi-

ations in the collaborative optimization of safety and efficiency. Pre-planned optimal tra-

jectories may, for example, present elevated collision risks due to such modeling inaccu-

racies, which compels operational systems to increase safety redundancy through the sac-

rifice of efficiency performance, as noted by Zhang et al. [31]. 

6.3. Safety Assurance and Human Adaptation in HRCA 

As HRC progresses toward an Industry 5.0 vision, the scope of safety and adaptation 

has broadened: it is no longer limited to prevention of physical collision, but also encom-

passes cognitive workload management and compliant interactions. At the physical layer, 

contact modeling and impact measurement methods have been systematically reviewed 

by Samarathunga et al. [90]. A key challenge was highlighted, wherein accurate estima-

tion of potential impact forces remains difficult within the extremely short pre-contact 

time window; therefore, proactive risk avoidance during planning is constrained. To mit-

igate this limitation, a virtual force-sensing technique based on robot dynamics was pro-

posed by Shin et al. [91]. Real-time collision force estimation was enabled without expen-

sive external hardware, and planning was supported with safety-relevant force estimates. 
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In parallel, D’Antona et al. [92] developed an FPGA-based variable stiffness system which 

adjusts joint stiffness online as a function of proximity while planned motions are exe-

cuted, facilitating a “soft landing” behavior at the physical level. 

However, evidence suggests that physical safety alone is insufficient. Gervasi et al. 

[93] reported that psychological stress that accumulates during prolonged collaboration 

may still induce operational errors even when physical safety is ensured; such stress can 

be reflected by physiological indicators, such as HRV and EDA. Segura et al. [66] further 

analyzed, from the perspective of work roles, how different task allocation strategies (e.g., 

assigning humans as leaders versus followers) can significantly affect cognitive ergonom-

ics. Nevertheless, closed-loop feedback of human psychological state is often absent from 

current planning algorithms, preventing automatic adjustment of task difficulty or robot 

assistance under fatigue or stress. This omission constitutes a major gap for truly human-

centric collaboration. 

For safety assurance beyond conventional SSM and PFL, industrial settings are in-

creasingly strengthening integrated modeling of real-time risk assessment, collision de-

tection, and human factor-related perceived safety. From a manufacturing systems per-

spective, dynamic risk assessment and proactive response strategies were proposed by 

Liu et al. [94], providing an actionable framework for risk quantification and safety action 

triggering during collaboration. At the robot level, a current residual-based collision de-

tection method was introduced by Xu et al. [95], which does not require joint torque sen-

sors. Its effectiveness was validated on a UR10, indicating enhanced collision detection 

capability. At the shared workspace level, collaboration fluency and productivity were 

improved by Scalera et al. [96]. Dynamic safety zones were scaled online, and an engi-

neering pathway was provided to operationalize the safety–efficiency trade-off in practice. 

Additionally, Rubagotti et al. systematically summarized influencing factors and 

measurement methods for perceived safety in physical human–robot interactions, laying 

a foundation for the incorporation of psychological safety into planning metrics [97]. 

Hopko et al. further employed physiological and perceptual experiments to reveal how 

human–robot trust affects workload and risk perception, indicating that planning and in-

teraction design should jointly consider subjective and objective safety [98]. From a 

broader human factors design perspective, a scoping review was conducted by Ver-

meulen et al., which synthesized human factor elements and methods relevant to HRC 

design and provided a roadmap for future human-centric safety design [99]. In addition, 

HRC safety has been reviewed by Patalas Maliszewska et al. in the context of Industry 5.0, 

where the integration of sustainability and occupational health into a safety strategy de-

sign was reported [100]. To support adaptive collaboration that jointly considers safety 

and ergonomics, a framework was proposed by Meregalli Falerni et al. to combine pref-

erence learning with ergonomics. Adaptive selection of collaboration strategies under dif-

ferent human factor preferences was enabled, allowing safety and ergonomic objectives 

to be balanced under heterogeneous worker needs and task contexts [101]. 

6.4. Mitigation Pathways Integrating Advances in LLM and Safety-Critical Areas 

LLMs support dynamic objective coordination at the semantic level by parsing im-

plicit objective priorities in human natural language instructions, such as prioritizing 

safety over efficiency and adjusting multi-objective weights in real-time to adapt to con-

flict changes caused by uncertainty. VLMs fuse visual and textual information to predict 

human behavioral trends; for example, workers frequently wiping components can lead 

to potential fatigue and slower operational rhythms, thus enabling advance adjustments 

to planning schemes and reducing the sudden frequency of target conflicts. The halluci-

nation problem of LLMs may lead to incorrect objective weight allocation; therefore, 
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combining formal methods for constraint verification (e.g., behavior trees) is necessary to 

ensure that safety priorities are not compromised by semantic misunderstandings. 

Dynamic risk assessment mechanisms draw on the risk priority number from the 

aerospace field to quantify dynamic uncertainty as a risk value, thus enabling adjustment 

of the constraint boundaries in multi-objective optimization in real-time (e.g., automati-

cally increasing the safety weight to 0.8 when the risk value exceeds the threshold). Fault-

tolerant control and redundancy design reference the hybrid strategy of power and force 

limiting and SSM described in the ISO/TS 15066 industrial robot safety standard. These 

approaches enable variable stiffness robot control, achieving soft safety constraints when 

uncertainty causes target conflicts and balancing safety and efficiency. Human-in-the-loop 

real-time feedback mechanisms push decision options to humans using AR interfaces 

when uncertainty and target conflicts cannot be resolved with algorithms; for example, by 

accepting a 10% reduction in efficiency to increase safety redundancy for quick conflict 

resolution. 

Industrial deployment also requires cross-platform integration; for example, auton-

omous mobile robots (AMRs) may require coordination with collaborative robots and fac-

tory IT systems. Vitolo et al. [102] reported that integrations remained labor-intensive, and 

hardware interfaces and communication stacks were found to be fragmented. Model-

based systems engineering (MBSE) was proposed to front-load interface definition and to 

synchronize data flows. Even with such approaches, widely adopted middle-ware stand-

ards remain lacking, therefore impeding the porting of planning and control architectures 

across robot brands. As a result, many strategies summarized in surveys, such as that re-

ported by Hameed et al. [103], remain difficult to translate into interoperable, production-

grade systems, and this fragmentation continues to slow down scalable deployment. 

To conceptualize these typical coupling loops, Figure 12 summarizes a set of inter-

acting feedback pathways and outlines four engineering-oriented mitigation routes to-

gether with quantifiable evaluation metrics (e.g., end-to-end latency, update rate, tracking 

error, replanning frequency, near-miss/violation counts, and the NASA Task Load Index 

(NASA-TLX)). This provides testable entry points for the subsequent conclusion and re-

search outlook. Therefore, scalable HRCA task planning should not be driven by isolated 

algorithmic optimality; instead, a co-design perspective should be adopted. In this context, 

perception, prediction, planning, control, and human factors should be jointly considered, 

and end-to-end metric closure should be ensured. 

 

Figure 12. Coupled mechanisms and engineering pathways for robust HRCA task planning. Feed-

back loops summarize typical couplings among uncertainty, conservatism, latency, separation 
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distance, productivity, and perceived safety/trust, whereas layered countermeasures and metrics 

support practical deployment. 

Beyond algorithmic advances, interoperability and data governance are likely to con-

stitute the near-term bottlenecks. Heterogeneous robot stacks and fragmented data mod-

els are observed to slow scaling more than incremental gains in single-solver optimality. 

In particular, it can be expected that progress will be accelerated by open interfaces; 

shared benchmarks that explicitly link safety, ergonomics, and productivity; and repro-

ducible deployment toolchains. 

7. Conclusions and Future Trends 

7.1. Summary 

This review traced DT-enabled HRCA task planning from foundational DT modeling 

and state synchronization (Section 2). Task allocation and solver paradigms, including 

optimization, formal methods, learning-based methods, and LLM-assisted planning, were 

examined (Section 3); the ways in which collaboration modes and interaction channels 

reshape online planning loops were analyzed (Section 4); representative application do-

mains were summarized (Section 5); and four coupled challenge pillars that currently 

limit scalable deployment were distilled (Section 6). Overall, a shift has been indicated in 

the literature, where human-centric collaboration has been prioritized over “robots replac-

ing humans.” Persistent gaps have also been highlighted; for example, semantic ground-

ing remains limited, real-time ergonomics-aware optimization remains underdeveloped, 

and cross-platform integration continues to be challenging. 

The essence of this evolution was emphasized by Nie et al. [77], who described a shift 

from “replacing humans” to “augmenting humans” using augmented intelligence. Intel-

ligent algorithms are leveraged, human intent is inferred, adaptation to dynamic environ-

ments is enabled, and proactive assistance is provided. Although deep learning and rein-

forcement learning have substantially improved system flexibility, significant gaps re-

main in four core problems. First, randomness in human behavior, perceptual noise, and 

insufficient model generalization lead to a disconnection between planning and execution. 

Visual language semantic grounding of VLMs compensates for LLMs’ lack of understand-

ing of physical constraints, reducing unfeasible actions caused by hallucinations. Integra-

tion of uncertainty quantification models enables planning algorithms to dynamically 

adapt to human operation rhythms and environmental changes, achieving a closed-loop 

response for perception–inference–adjustment. Second, inherent contradictions between 

safety and efficiency, as well as imbalances between physical safety and cognitive load, 

constitute key challenges. Based on dynamic safety zone scaling and hybrid SSM + PFL 

strategies, real-time ergonomic monitoring is incorporated. Multi-objective optimization 

algorithms dynamically adjust robot speed, safety distance, and task allocation weights, 

meeting safety compliance requirements while reducing human psychological stress and 

physical load. Third, significant differences in individual skills, habits, and fatigue levels 

limit the adaptability of one-size-fits-all collaboration strategies. A high-fidelity digital 

twin of the human body is constructed, combined with real-time feedback from IMU gait 

recognition and reinforcement, learning to dynamically adjusted collaboration modes for 

different workers. Novices receive step-by-step guidance and conservative speeds, 

whereas experts experience reduced intervention to enhance collaboration fluency, real-

izing human–robot bidirectional adaptation instead of one-way adjustment. Finally, frag-

mented interfaces between heterogeneous devices, data synchronization delays, and high 

algorithm deployment thresholds hinder large-scale application. MBSE-driven standard-

ized interfaces and modular middleware are promoted to unify semantic representations 

of tasks, resources, and states. Edge computing optimizes LLM inference latency, 
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resolving the conflict between millisecond-level response requirements and computa-

tional power demands of complex algorithms, thus enabling cross-platform and portable 

HRCA systems. Future HRCA systems should therefore overcome the boundary between 

physical safety and cognitive workload management and move toward symbiotic envi-

ronments with strong interoperability and adaptivity. 

Figure 13 condenses the main takeaways into three columns: what was reviewed, 

what was learned, and what remains unresolved. Rapid navigation from evidence to open 

problems is thereby enabled. An ongoing shift is also highlighted, in that planning pipe-

lines are moving away from pre-defined, expert-coded workflows toward more adaptive 

approaches, including reinforcement learning and LLM-assisted decision support. In ad-

dition, it is emphasized that industrial deployment continues to depend on safety assur-

ance, rigorous validation, and robust data governance. Table 9 provides an overview of 

conclusions and future trends. 

 

Figure 13. Conclusions regarding the synthesis of DT-enabled HRCA task planning. The figure sum-

marizes the review coverage, core synthesis (Industry 4.0 → Industry 5.0), key takeaways, and re-

maining gaps, highlighting interoperability, semantic understanding, and dynamic ergonomics as 

central themes. 

Table 9. Overview of conclusions and future trends. 

No. Authors (Year) Method 

1 Coronado et al. (2024) [26] Interoperability bridging (ROS/middleware) 

2 Nie et al. (2025) [77] Review/taxonomy (augmented intelligent HRCA) 

3 Fan et al. (2025) [104] Vision–language model (VLM) 

4 Wang et al. (2025) [105] LLM-based task planning/code generation 

5 Iodice et al. (2025) [106] Framework/architecture 

7.2. Outlook 

To prevent fragmentation of future directions and to strengthen verifiability, a re-

search roadmap for human-centric DT-enabled HRCA is presented in Figure 14. The 

roadmap is organized along four main threads: (1) intelligent and adaptive planning 

(VLM/LLM-enabled planning), (2) co-optimization of safety and efficiency (dynamic er-

gonomics), (3) personalized and flexible collaboration, and (4) engineering scalability 

(standards and middleware). The roadmap decomposes key tasks into short-, mid-, and 
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long-term milestones, while providing a consistent set of validation anchors throughout 

the lifecycle, including end-to-end latency, update rate, replanning frequency, and human 

factor measures, such as ergonomics and trust. 

A staged roadmap is presented, and short-, mid-, and long-term horizons are speci-

fied. Four directions are used to organize the agenda: VLM/LLM-enabled adaptive plan-

ning, safety–efficiency co-optimization using dynamic ergonomics, personalization for 

flexible collaboration, and engineering scalability via standards and middleware. Evalua-

tion metrics are included, thus enabling benchmarking. 

 

Figure 14. Outlook: research roadmap for human-centric DT-enabled HRCA. 

7.2.1. Intelligent and Adaptive Planning Technologies 

Future task planning is expected to increasingly rely on semantic understanding and 

reasoning enabled by multimodal foundation models, indicating the importance of in-

struction parsing and scene understanding in unstructured environments. Classical plan-

ning methods are often constrained by predefined rules, and perception is also frequently 

restricted to a single modality. Robust handling of complex and rapidly changing assem-

bly scenarios is therefore limited. Fan et al. [104] reported that VLMs integrate visual per-

ception with natural language processing, enabling robots not only to “see” parts but also 

to “understand” their semantic attributes in an assembly context (e.g., “pick up the dam-

aged red gear”). This capability supports the generation of executable action sequences 

from unstructured instructions and environment observations, improving generalization 

to unseen tasks. In alignment with this trend, Nie et al. [77] emphasized Industry 5.0-

oriented augmented-intelligence HRCA. Integration of semantic interaction and intelli-

gent reasoning into collaborative assembly was highlighted, and adaptivity and practical 

usability are positioned to improve under safety constraints and verifiable mechanisms. 

Moreover, LLM research for robotics has been systematically summarized by Wang et al. 

[100], identifying both opportunities in task planning, tool use, and embodied interaction 

as well as challenges related to reliability and safety. 

7.2.2. Co-Optimization of Safety and Efficiency 

In the Industry 5.0 era, the boundary of safety planning is expected to expand, with 

the prevention of physical collisions no longer being sufficient. Long-term occupational 

health is also targeted, implying a shift from “passive safety” toward dynamic ergonomics. 
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In many existing planning methods, safety is primarily treated in terms of hard constraints, 

such as minimum separation distance, consequently reducing efficiency in many cases. In 

contrast, Iodice et al. [105] proposed an intelligent collaboration framework that advocates 

for integrating ergonomic assessments into the decision loop in real-time. Future planners 

may continuously monitor workers’ physiological states via wearable sensors (e.g., mus-

cle fatigue and joint loading) and dynamically adapt robot behaviors accordingly; for ex-

ample, if excessive lower-back load is detected, task reallocation could be triggered to 

transfer the heavy handling task to the robot. Alternatively, the workpiece pose could be 

adjusted to remain within the worker’s comfort zone. Physical risk can thus be reduced 

through long-term collaboration, thus improving productivity and comfort while main-

taining safety constraints. 

7.2.3. Personalized and Flexible Planning for Human–Robot Collaboration 

With the increasing demand for mass customization, task planning is expected to 

evolve; in particular, “one-size-fits-all workflows” are being displaced in favor of human-

centric and flexible strategies. Adaptation to operator skill level, fatigue, and personal 

preferences is needed. Future research may therefore focus on fine-grained human digital 

twin models allowing worker states to be continuously estimated during execution, from 

which task granularity could be adjusted. Collaboration pace may be regulated, and guid-

ance intensity may also be tuned; for example, novice workers may be supported by step-

by-step guidance and conservative robot speeds may be selected. In contrast, expert work-

ers may require reduced intervention, and smoother collaboration could be enabled. In-

dividualized experiences can thereby be provided under safety constraints [106]. This per-

sonalization–flexibilization paradigm can mitigate the efficiency losses caused by rigid 

processes and enhance online adaptation and continuous improvement. 

7.2.4. Key Engineering Breakthroughs for Scalable Deployment 

Despite rapid algorithmic advances, integration across heterogeneous devices and 

multi-source software stacks remains a major engineering barrier to scalable HRCA de-

ployment. In real shop floor environments, interface incompatibilities across robot brands, 

sensors, and higher-level software are frequently encountered, thereby increasing system 

integration costs. Consequently, the transferability and reusability of planning algorithms 

are constrained. Standardized interfaces, middleware, and configurable software archi-

tectures should therefore be further promoted, which could enable the modular deploy-

ment of task planning capabilities across heterogeneous hardware ecosystems. This 

would lower integration thresholds and support rapid iteration and broader engineering 

adoption. 

Overall, the literature indicates a shift from isolated planning algorithms to system-

level co-design across sensing, DT synchronization, interaction, and governance. A prac-

tical roadmap is to (1) standardize representations and interfaces, (2) validate digital twins 

against measurable shop floor signals, and (3) deploy human-in-the-loop planners with 

continuous monitoring and update policies. 
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Appendix A 

Review Methodology and Scope 

To improve reproducibility, this review followed a PRISMA-inspired protocol. Rec-

ords retrieved from IEEE Xplore, Web of Science, Scopus, and ScienceDirect (1 January 

2010 to 31 December 2025) were merged and deduplicated. This was followed by a two-

stage screening process: (i) title/abstract screening and (ii) full-text eligibility assessment 

under predefined inclusion/exclusion criteria. A representative query logic was em-

ployed: (“digital twin” OR “DT”) AND (“human–robot” OR “human robot*” OR “HRC” 

OR “HRCA”) AND (assembly OR manufacturing) AND (“task planning” OR “task allo-

cation” OR scheduling OR “motion planning”). The screening workflow is illustrated 

schematically in Figure A1; database-specific search strings, filters, and screening criteria 

are provided in Tables A1 and A2. 

 

Figure A1. Screening workflow of the review. 

Studies were included if they focused on HRCA/HRC in manufacturing or assembly 

contexts, incorporated a DT-enabled modeling and/or synchronization component, and 

reported an evaluable method with sufficient technical detail for extraction and compari-

son. Non-English or non-peer-reviewed items, as well as purely conceptual/opinion pa-

pers without an evaluable method, were excluded. For each included paper, a consistent 

set of fields was extracted: scenario/task type, sensing and state representation, DT updat-

ing/validation mechanism, planning/allocation paradigm, treatment of safety/ergonomics 

and other human factors, and the evaluation protocol and reported metrics. 
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To strengthen the credibility of comparative claims, a lightweight study quality ap-

praisal rubric was used (Table A3) to assess whether each study provides (i) evidence of 

DT fidelity/validation, (ii) safety assurance/verification, (iii) human factor evaluation, and 

(iv) deployment realism. To make category boundaries operational, each study was as-

signed to a primary planning paradigm based on the dominant mechanism that produces 

the final online decision: optimization-based approaches solve explicit objectives under 

constraints; constraint satisfaction/formal approaches use reason over logic/rules to en-

sure feasibility; learning-based approaches infer policies or value functions from data (in-

cluding reinforcement learning and imitation learning); and LLM-assisted approaches use 

language models to interpret instructions and generate plans/scripts under human or pro-

grammatic verification. Hybrid pipelines are discussed explicitly and compared in terms 

of online decision authority, safety envelope design, and engineering cost. 

Table A1. Database-specific search strings and filters. 

Database Representative Query Logic Filters/Search Fields Export and Notes 

Web of 

Science 

TS = ((“digital twin” OR “DT”) AND (“human–ro-

bot” OR “human robot*” OR “HRC” OR “HRCA”) 

AND (assembly OR manufacturing) AND (“task 

planning” OR “task allocation” OR scheduling OR 

“motion planning”)) 

Timespan: 1 January 2010 to 31 December 

2025; Language: English; Document 

types: Article, Review, Proceedings Pa-

per; Indexes: SCI-EXPANDED/SSCI (as 

available). 

Export full record with 

cited references (e.g., 

BibTeX/CSV). 

Scopus 

TITLE-ABS-KEY((“digital twin” OR “DT”) AND 

(“human–robot” OR “human robot*” OR “HRC” 

OR “HRCA”) AND (assembly OR manufacturing) 

AND (“task planning” OR “task allocation” OR 

scheduling OR “motion planning”)) 

Years: 2010–2025; Language: English; 

Document types: Article, Conference Pa-

per, Review; Subject areas (optional): En-

gineering/Computer Science. 

Export citation infor-

mation + abstract + key-

words (CSV/RIS). 

IEEE 

Xplore 

(“digital twin” OR “DT”) AND (“human–robot” 

OR “human robot*” OR HRC OR HRCA) AND (as-

sembly OR manufacturing) AND (“task planning” 

OR “task allocation” OR scheduling OR “motion 

planning”) 

Publication years: 2010–2025; Search in: 

Metadata only (Title/Abstract/Index 

Terms) to reduce noise; Content type: 

Journals + Conferences (peer-reviewed). 

Export metadata with ab-

stract/keywords when 

available (CSV/BibTeX). 

ScienceDi-

rect 

(“digital twin” OR “DT”) AND (“human–robot” 

OR “human robot*” OR “HRC” OR “HRCA”) 

AND (assembly OR manufacturing) AND (“task 

planning” OR “task allocation” OR scheduling OR 

“motion planning”) 

Years: 2010–2025; Search in: title, abstract, 

keywords; Article type: Research articles 

and reviews; Language: English. 

Export citation + abstract; 

apply subject filters if re-

trieval is too broad. 

Table A2. Inclusion/exclusion criteria. 

Screening Stage Inclusion Criteria Exclusion Criteria 

Title/abstract 

screening 

• HRCA/HRC in manufacturing or assembly context 

• Digital twin used for modeling and/or synchroni-

zation 

• Involves task planning/allocation/scheduling/mo-

tion planning 

• Peer-reviewed publication (journal/conference) 

• Not HRCA/HRC (e.g., single-robot only without 

human collaboration) 

• No DT component (pure planning without twin) 

• Not planning-related (pure sensing or control 

without planning) 

• Non-English, thesis, patent, editorial, tutorial, or 

non-peer-reviewed 

Full-text eligibility 

assessment 

• Method is evaluable (algorithm/system pipeline) 

with sufficient technical detail 

• DT role is explicit (state synchronization, valida-

tion, prediction, or monitoring) 

• Evaluation protocol and at least one metric are re-

ported (simulation, HIL, or real-world) 

• Purely conceptual/opinion paper without evalua-

ble method 

• Insufficient technical detail for extraction/com-

parison 

• Duplicate publication of the same method with-

out added evidence 
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Table A3. Study quality appraisal rubric used to weight strength of evidence. 

Dimension 
Score 0 (Not Re-

ported) 
Score 1 (Partial/Qualitative) Score 2 (Quantitative/Validated) 

DT fidelity/vali-

dation 

No evidence of 

twin accuracy or 

validation. 

Qualitative description of calibration or 

synchronization; limited checks. 

Quantitative validation (e.g., pose/geometry error, 

timing error, drift) or explicit verification against 

measured shop floor signals. 

Safety assur-

ance/verifica-

tion 

Safety assumptions 

stated without veri-

fication. 

Safety constraints described and/or eval-

uated in limited scenarios; partial com-

pliance discussion. 

Explicit safety verification/assurance (e.g., formal 

checks, ISO/TS 15066-aligned evaluation, risk metrics, 

collision/near-miss analyses). 

Human factor 

evaluation 

No human factor 

assessment. 

User study or qualitative discussion 

(e.g., perceived workload/trust) without 

standardized metrics or small/limited 

protocol. 

Quantitative human factor evaluation (e.g., NASA-

TLX, RULA/REBA/OWAS, physiological indicators) 

with a clear protocol and reporting. 

Deployment re-

alism 

Purely conceptual; 

no executable im-

plementation. 

Simulation-only or lab prototype with 

limited realism; partial integration evi-

dence. 

Real-robot/hardware-in-the-loop/production-like 

evaluation or detailed engineering integration and re-

producible deployment description. 

Table A4 serves as a supplement to Table 4 in this paper. Each dimension (Practical 

Feasibility, Computational Cost, Industrial Maturity) will be divided into 5 levels, with 

clear, technical/engineering criteria for each level. 

Table A5 serves as a supplement to Table 4 in this paper. The MILP study by Nour-

mohammadi et al. [42] was chosen as the benchmark because it focuses on the most widely 

studied scenario (3C electronic assembly with fixed task precedence) and reports compre-

hensive, replicable metrics. All metrics are extracted from the original studies’ experi-

mental result. 

Table A4. Scoring rubric for HRCA paradigms to ensure transparency. 

Dimen-

sion 
Level 5 (Mature/Optimal) Level 3 (Moderate) Level 1 (Unusable/Poor) 

Practical 

Feasibil-

ity 

Deployable in ≥3 industrial scenarios; 

no custom hardware required; 90% task 

success rate 

Validated in lab prototypes + 1 

pilot industrial case; minor cus-

tomizations needed 

Only theoretical model; no experi-

mental validation or prototype im-

plementation 

Computa-

tional 

Cost 

Inference latency < 50 ms; runs on edge 

devices; no cloud computing depend-

ency 

Latency 100–500 ms; requires 

mid-range computing resources 

Latency > 1 s; relies on high-perfor-

mance servers; impractical for real-

time collaboration 

Industrial 

Maturity 

Adopted by ≥2 major manufacturers; 

compliant with ISO/TS 15066; long-

term maintenance support 

Pilot deployment in 1 enterprise; 

partial compliance with safety 

standards 

No industrial deployment; only ac-

ademic publications; no safety certi-

fication 

Table A5. Supplementary notes (Sample size: n = 10–25 trials per study). 

Technical Par-

adigm 

Representative 

Study 
Experimental Context Data Extraction Details 

Optimization-

Based (MILP) 

Nourmoham-

madi et al. [42] 

Task: 3C electronic assembly (fixed prece-

dence); Robot: FANUC CRX-10; Safety: 

SSM 

n = 15 trials; Measured via robot control 

logs; Benchmark for normalization 

Optimization-

Based (GA) 
Xuan et al. [43] 

Task: 3C electronic assembly (fixed prece-

dence); Robot: UR10; Safety: SSM 

n = 20 trials; Measured via motion capture; 

Aligned with benchmark task type 
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Constraint 

Satisfaction 

(CP) 

Nourmoham-

madi et al. [45] 

Task: Automotive precision assembly; Ro-

bot: KUKA LBR iiwa; Safety: Hybrid SSM + 

PFL 

n = 12 trials; Measured via production line 

sensors; Task complexity similar to bench-

mark 

Data-Driven 

(RL) 
Zhang et al. [52] 

Task: Small-batch mechanical assembly; 

Robot: Franka Emika Panda; Safety: PFL 

n = 18 trials; Measured via real-time moni-

toring system; Unstructured task flow 

Data-Driven 

(Offline RL) 
You et al. [53] 

Task: Small-batch mechanical assembly; 

Robot: Franka Emika Panda; Safety: PFL 

n = 25 trials; Measured via offline log analy-

sis; Same task type as RL above 

LLM-Based Gao et al. [58] 
Task: EV battery module assembly; Robot: 

UR5e; Safety: SSM 

n = 10 trials; Measured via simulation + 

physical prototype; Novel task with geo-

metric constraints 

LLM + BT Hy-

brid 

Konstantinou et 

al. [61] 

Task: EV battery module assembly; Robot: 

UR5e; Safety: SSM 

n = 14 trials; Measured via integrated sen-

sor-software system; Same task type as LLM 

above 

Table A6 includes comprehensive information for each included study to ensure full 

traceability, and each data point in the manuscript’s Tables 4 and 5 will be linked to the 

corresponding Study ID in the extraction table, enabling readers to trace the source of 

every aggregated value. 

Table A6. Regular review data extraction table. 

Field Name Description 

Study ID Unique code for each study (Author-Year-Sequence Number) 

Basic Information Authors, publication year, journal/conference, country, funding source 

Research Scenario HRCA application scenario (e.g., precision assembly, disassembly) 

DT-Related Information DT modeling method, synchronization mechanism, fidelity verification metrics 

Technical Paradigm Task allocation paradigm (optimization-based/constraint satisfaction-based/etc.) 

Safety Compliance Whether ISO/TS 15066 compliance is verified, verification method, key results 

Key Metrics Cycle time, safety violation count, replanning frequency, computational latency (raw data + unit) 

Human Factor Evaluation Evaluation method (e.g., NASA-TLX), key results 

Industrial Deployment Deployment scale (lab/pilot/industrial), operation duration 

Strengths and Limitations Summarized from the study’s discussion section 

Citation in Manuscript Specific sections/tables where the study is cited 

Notes Special information (e.g., data missing, heterogeneous experimental conditions) 
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