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Human-in-the-Loop: From Complete 
Automation to Dark Factories

Abstract

This systematic literature review examines Human-
in-the-Loop (HITL) systems within dark factory en-
vironments through the lens of Complex Adaptive 

Systems, investigating how these systems bridge full au-
tomation with human expertise to maintain adaptability 
in highly automated manufacturing settings that operate 
as complex systems characterized by multiplicity, inter-
dependence, and dynamic interactions where identical 
conditions can yield different outcomes. Dark factories 
represent strategic inflection points creating tenfold shifts 
in manufacturing operations, yet fully automated systems 
face inherent brittleness when confronting rare events, un-
intended consequences, and contextual ambiguities that 
require human cognitive capabilities. Following PRISMA 
2020 guidelines, this review analyzed 134 peer-reviewed 
publications from 2020-2025 through systematic data-
base searches, quality assessment, and thematic analysis 
to identify patterns, gaps, and emerging trends in HITL 
implementation. The research reveals that HITL systems 
have evolved from episodic interventions into strategic 

design approaches permeating all manufacturing stages, 
fundamentally transforming human roles from manual 
operators to cognitive supervisors, exception handlers, 
and innovation catalysts. Workforce composition shifted 
from 85% human participation in 2020 to a balanced 40% 
human-60% automation ratio by 2025, with HITL systems 
now accounting for 42% of operations. The study propos-
es a three-layer HITL collaboration framework spanning 
operational, tactical, and strategic levels to ensure con-
tinuous adaptive human-AI interaction. Critical research 
gaps identified include the absence of dynamic trust cali-
bration models, manufacturing-specific cognitive load 
frameworks, and standardized performance metrics. This 
research contributes original insights into how HITL sys-
tems preserve human relevance in Industry 5.0 by creat-
ing “bright factories” that optimize both productivity and 
human well-being, offering sustainable pathways to miti-
gate job displacement through discovery-driven learning 
architectures while maintaining manufacturing competi-
tiveness amid accelerating automation.
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Introduction
The manufacturing sector has progressed through successive 
revolutions, from steam-powered machinery in Industry 1.0 
to assembly lines in Industry 2.0, computerization in Indus-
try 3.0, and cyber-physical systems in Industry 4.0 — each 
redefining how humans interact with machines (Xu et al., 
2021). The current shift toward Industry 5.0 and the emer-
gence of “dark factories,” fully automated facilities operating 
without human presence, represents more than an incre-
mental technological advancement — it signals a strategic 
inflection point in manufacturing history (McGrath, 2019). 
McGrath defines strategic inflection points as moments that 
create 10x shifts in operational environments — changes 
that make processes 10x faster, cheaper, or more convenient. 
Dark factories embody this transformation by fundamen-
tally altering the economics of manufacturing: continuous 
24/7 operations without human physiological constraints, 
near-zero defect rates through AI-powered quality control, 
and radical reductions in labor costs.
To comprehend the profound implications of dark factories, 
we must move beyond traditional linear analysis and embrace 
the lens of Complex Adaptive Systems (CAS) theory (Sargut, 
McGrath, 2011). Unlike complicated systems that operate in 
patterned, predictable ways, complex systems are character-
ized by three critical properties: (1) multiplicity (numerous 
potentially interacting elements), (2) interdependence (high 
connectivity between elements), and (3) diversity (hetero-
geneity of components). Dark factories exemplify this com-
plexity, they integrate AI-driven decision systems, IoT sensor 
networks, autonomous robotics, predictive maintenance al-
gorithms, and human supervisory oversight into a continu-
ously adapting ecosystem where the same inputs can produce 
different outcomes depending on dynamic interactions. The 
CAS perspective reveals why dark factories cannot be un-
derstood simply as “lights-out manufacturing” — the mere 
absence of human physical presence. Rather, they represent 
emergent phenomena arising from the intricate interplay be-
tween technological capabilities, workforce transformation, 
organizational structures, and market demands.
As Sargut and McGrath (2011) demonstrate, complex sys-
tems defy traditional forecasting methods because outliers 
are often more significant than averages, and rare events oc-
cur more frequently than conventional models predict. This 
insight is particularly relevant for dark factories, where ex-
ceptional scenarios — equipment anomalies, supply chain 
disruptions, quality edge cases — require human cognitive 
capabilities that cannot yet be fully automated. McGrath 
(2019) warns that these inflection points are notoriously dif-
ficult to detect because they begin at the edges of systems 
before migrating to the center, and organizations remain 
trapped in “envelopes of constraints” defined by past success. 
Currently, we observe dark factory implementations emerg-
ing in specific industrial niches — Fanuc’s robot-manufac-
turing-robots facility in Japan (operating since 2001), Sie-
mens’ 75%-automated Amberg plant, and Foxconn’s lights-
out facilities — that function as stepping stones toward 
broader adoption (Gisi, 2024). These early deployments 
operate in environments with well-defined parameters and 

limited variability, analogous to McGrath’s (2023) example 
of autonomous military vehicle convoys: not yet mature 
enough for full-scale deployment, but sophisticated enough 
to solve specific, bounded problems. The critical question is 
not whether dark factories will proliferate, but when the in-
flection point will arrive when enabling technologies, work-
force readiness, and market acceptance converge to trigger 
exponential adoption.
This transformation raises urgent questions about the rel-
evance of human expertise, the preservation of tacit knowl-
edge, and the possibility of maintaining meaningful human 
roles in autonomous systems. Traditional automation theo-
ries, such as Parasuraman et al.’s (2000) levels of automa-
tion framework, assumed a linear transition from manual 
control to full automation. However, emerging evidence 
reveals a more dynamic relationship: Human-in-the-Loop 
(HITL) systems challenge the notion of automation as hu-
man replacement, instead positioning humans as strategic 
partners with complementary strengths in creativity, con-
textual reasoning, and adaptive decision-making under un-
certainty (Hollnagel, Woods, 2005). Sargut and McGrath’s 
(2011) analysis of complex systems reveals why fully auto-
mated dark factories face inherent brittleness: they struggle 
with unintended consequences arising from unexpected 
element interactions, they cannot adapt to rare but high-
impact events outside their training data, and they lack the 
cognitive flexibility to make sense of novel situations. These 
limitations mirror McGrath’s (2019) observation that com-
panies innovating too early — moving to full automation 
before supporting ecosystems mature — risk catastrophic 
failures similar to Netflix’s premature Qwikster split in 2011, 
where the company attempted to separate streaming and 
DVD services before the streaming content library was suf-
ficiently developed, resulting in massive customer backlash 
and strategic reversal.
The integration of HITL into lights-out operations remains 
largely unexplored, especially regarding how to structure 
roles that preserve efficiency while embedding human ex-
pertise at critical decision points. Most Industry 5.0 research 
addresses reskilling at the organizational level (Ali et al., 
2025), but few studies apply these strategies directly to en-
vironments designed for minimal human involvement. This 
gap is particularly concerning given projections that 50% of 
employees will require reskilling to adapt to technological 
change (Hermono et al., 2025), and the accelerating pace at 
which dark factory adoption is creating workforce displace-
ment pressures globally. While early automation theories 
prioritized efficiency, recent perspectives emphasize hu-
man-machine collaboration as a means to address brittle-
ness and adaptability limitations in fully automated environ-
ments (Papacharalampopoulos et al., 2024). The scale of this 
workforce transformation challenge is underscored by the 
need to fundamentally reimagine human roles — not as ma-
chine operators, but as cognitive supervisors, exception han-
dlers, and innovation catalysts who leverage their uniquely 
human capabilities in pattern recognition under ambiguity, 
ethical judgment, creative problem-solving, and contextual 
understanding.
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This systematic literature review addresses these critical 
gaps by examining the current state of knowledge regarding 
Human-in-the-Loop systems in dark factory environments 
through the CAS lens. By synthesizing research from 2020-
2025 — a period marked by rapid advancement in both au-
tomation technology and the theoretical understanding of 
human-machine collaboration — this study aims to answer 
the following research questions: 
RQ1 — What is the current state of research on Human-in-
the-Loop systems in automated manufacturing, including 
dominant themes, methodologies, and publication patterns? 
RQ2 — What are the key components and characteristics 
of HITL systems in dark factory contexts, and how are they 
conceptualized across different studies? 
RQ3 — What evidence exists regarding the effectiveness of 
HITL implementation in dark factories, including perfor-
mance metrics, benefits, and challenges? 
RQ4 — How does HITL impact workforce transformation 
in the transition to dark factories, particularly regarding 
reskilling strategies and evolving human roles? 
RQ5 — What are the research gaps and future directions for 
HITL in dark factories? 
The urgency of this investigation is underscored by Mc-
Grath’s (2024) warning about inflection points: organiza-
tions that fail to recognize them early enough get displaced, 
while those that act prematurely waste resources on imma-
ture technologies. Understanding HITL as the bridge be-
tween full automation and human expertise may provide the 
balanced pathway that allows manufacturers to capture the 
productivity gains of dark factories while preserving adapt-
ability, resilience, and human-centric value creation essen-
tial for Industry 5.0.

Theoretical Underpinning
The Dark Factory Concept
The dark factory concept represents the culmination of de-
cades of manufacturing automation evolution, emerging 
from the lights-out manufacturing initiatives of the 1980s. 
Originally pioneered by Japanese manufacturers seeking to 
maximize production efficiency, lights-out manufacturing 
referred to factories that could operate for extended peri-
ods without human intervention, literally turning off the 
lights because robots needed no illumination (Fujimoto, 
2021). However, these early implementations were limited 
to specific processes or shifts, maintaining significant hu-
man presence for setup, maintenance, and quality control. 
The contemporary dark factory concept extends this vision 
to encompass entire production facilities operating continu-
ously and autonomously, integrating advanced technologies 
that enable self-monitoring, self-optimization, and self-cor-
rection capabilities without the physical presence of humans.
The defining characteristics of modern dark factories rest on 
three technological pillars that distinguish them from tradi-
tional automated systems. First, comprehensive IoT integra-
tion creates a sensory network throughout the facility, with 
thousands of connected devices monitoring every aspect of 

production in real-time, from environmental conditions to 
micro-level quality parameters (Zhou et al., 2019). Second, 
AI-driven decision-making systems process this vast data 
stream to make autonomous adjustments, optimize produc-
tion schedules, and predict potential issues before they oc-
cur, moving beyond simple rule-based automation to adap-
tive intelligence (Zhang et al., 2025). Third, predictive main-
tenance capabilities utilize machine learning algorithms to 
analyze equipment patterns, scheduling maintenance activi-
ties preemptively to minimize downtime while maximizing 
equipment lifespan. Current implementations demonstrate 
the feasibility of this concept: Fanuc’s facility in Japan has 
had robots manufacturing robots in complete darkness 
since 2001, achieving near-zero defect rates; Siemens’ Am-
berg plant in Germany operates with a 75% automation level 
while maintaining flexibility for customized production; 
and Foxconn’s “lights-out” facilities in China have replaced 
60,000 workers with robots, though still requiring human 
oversight for complex decision-making (Gisi, 2024).

Human-in-the-Loop Systems
Human-in-the-Loop (HITL) systems represent a paradig-
matic approach to automation that explicitly incorporates 
human judgment, expertise, and decision-making within 
automated processes. Unlike full automation approaches 
that seek to eliminate human involvement, HITL recognizes 
that certain cognitive functions — pattern recognition in 
ambiguous situations, ethical judgment, creative problem-
solving, and contextual understanding — remain uniquely 
human capabilities that enhance overall system perfor-
mance (Raisch, Krakowski, 2021). The fundamental prin-
ciple of HITL rests on the complementarity between hu-
man cognitive flexibility and machine computational power, 
creating hybrid systems that leverage the strengths of both 
agents. In manufacturing contexts, HITL systems typically 
position humans in supervisory roles where they monitor 
automated processes, validate critical decisions, intervene 
during anomalies, and provide strategic guidance for system 
optimization.
The theoretical foundation for HITL systems draws heavily 
from the influential model of automation levels (Parasura-
man et al., 2000), which delineates ten discrete stages from 
manual control to full automation across four functional 
dimensions: information acquisition, information analysis, 
decision selection, and action implementation. This frame-
work provides a nuanced understanding of how human and 
machine roles can be allocated across different cognitive 
and physical tasks, rejecting the binary notion of human 
versus machine control. Building on this foundation, hu-
man supervisory control theory (Sheridan, 1992) specifical-
ly addresses how humans can effectively oversee automated 
systems, introducing concepts such as intermittent control, 
where humans set goals and constraints while machines ex-
ecute tasks autonomously, and management by exception, 
where human intervention occurs only when system perfor-
mance deviates from acceptable parameters. These theoreti-
cal frameworks have proven particularly relevant for dark 
factory contexts, where the challenge lies not in whether to 
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automate, but in determining optimal human-machine task 
allocation that preserves system efficiency while maintain-
ing human oversight capabilities for critical decisions and 
exceptional circumstances.

Human-Machine Collaboration Theories
The theoretical evolution of human-machine collaboration 
has shifted from treating humans and machines as separate 
entities to viewing them as integrated cognitive systems op-
erating within Complex Adaptive Systems (CAS) character-
ized by multiplicity, interdependence, and diversity (Sargut, 
McGrath, 2011). Unlike complicated systems that operate 
predictably, complex systems feature continuously changing 
interactions where identical conditions yield different out-
comes and outliers prove more significant than averages — 
critical for understanding dark factories where rare events 
pose greater risks than routine operations. Joint Cognitive 
Systems theory (Hollnagel, Woods, 2005) frames cogni-
tion as an emergent property of the entire human-machine 
ensemble, while Distributed Cognition theory (Hutchins, 
1995) shows how cognitive processes span human operators, 
AI analytics, and communication networks. However, such 
distributed architectures create vantage point problems 
where no single decision maker observes the entire system, 
necessitating calibrated trust through transparency and reli-
ability feedback (Lee, See, 2004). This complex framing re-
veals why dark factories represent strategic inflection points 
creating 10x operational shifts (McGrath, 2019) requiring 
discovery-driven approaches that enable exploratory learn-
ing (McGrath, 2001; McGrath, McManus, 2020) rather than 
static plan-and-execute models. McGrath’s (1997) real op-
tions logic provides a framework for managing HITL un-
certainty: making small initial investments that preserve 
scaling rights based on learning, limiting downside while 
maintaining upside potential. This aligns with McGrath’s 
(2024) principle that “who learns fastest, wins” — organiza-
tions rapidly experimenting and adapting human-machine 
configurations will capture dark factory advantages, while 
those relying on static automation blueprints risk premature 
investment or delayed competitive response. HITL systems 
thus represent strategic learning architectures preserving 
human cognitive capabilities for handling unintended con-
sequences and adaptive challenges inherent when manufac-
turing environments evolve into complex adaptive systems 
requiring continuous innovation cultivation (McGrath, 
2023).

Manufacturing Business Process
The manufacturing business process encompasses a con-
tinuous sequence of activities through which raw materials 
are transformed into finished goods ready for delivery to 
customers (Figure 1). It begins with (1) Product Design and 
Planning, where specifications, production schedules, and 
resource requirements are established (Black, 1996). This is 
followed by (2) Procurement, ensuring the timely acquisi-
tion of raw materials and components from suppliers (Fitria 
et al., 2022). The (3) Production phase involves machining, 
assembly, or other fabrication processes, often supported by 

automation technologies and supervised by quality control 
systems (Erasmus et al., 2020). Next, (4) Quality Control 
verifies that products meet the required specifications before 
moving to (5) Packaging, where goods are prepared for ship-
ment. (6) Distribution then delivers products to customers 
through appropriate logistics channels, ensuring a timely 
and safe arrival (Hliebova, Pyvovar, 2020). Finally, (7) Feed-
back from customers and post-sales monitoring is collected 
to inform future product design and process improvements, 
closing the loop in a continuous cycle of value creation.
In modern manufacturing environments, this process is in-
creasingly enhanced through digital integration to improve 
efficiency, quality, and responsiveness. Enterprise Resource 
Planning (ERP) systems synchronize data across procure-
ment, inventory management, production scheduling, and 
sales (Fathoni et al., 2024). Lean manufacturing and con-
tinuous improvement methodologies help minimize waste 
and optimize workflows (Plenert, 2007). Quality assurance 
is embedded across multiple stages, supported by real-time 
monitoring systems and predictive analytics for mainte-
nance (Samoldin et al., 2020). The inclusion of feedback 
ensures the system operates as a continuous improvement 
loop, aligning perfectly with Human-in-the-Loop (HITL) 
principles where human expertise informs decision-making 
at various stages to enhance adaptability, resilience, and cus-
tomer satisfaction (Maryam, Khan, 2017).

Methodology
This study applied a Systematic Literature Review (SLR) 
methodology following PRISMA 2020 guidelines for trans-
parency and rigor (Page et al., 2021). A comprehensive 
search query combined terms related to Human-in-the-
Loop (HITL), human–machine interaction, human–robot 
collaboration, and advanced manufacturing concepts such 
as “smart factory” and “industrial automation.” (Figure 2). 
Searches across multiple indexed databases were restrict-
ed to English-language, peer-reviewed publications from 
2020–2025, focusing on the engineering, computer science, 
and management disciplines. From 1,901 initial records, 
keyword-based refinement and the exclusion of studies 

Figure 1. Manufacturing Business Process

Source: authors.
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centered solely on pure automation, non-manufacturing 
logistics, purely educational contexts, or lacking collabora-
tive relevance yielded 134 eligible articles. Manual screening 
of titles and abstracts ensured thematic alignment and the 
final corpus served as the basis for thematic synthesis ad-
dressing five research domains: HITL research state (RQ1), 
key components and architectures (RQ2), implementation 
effectiveness (RQ3), workforce transformation (RQ4), and 
research gaps and directions (RQ5). The entire process was 
documented in a PRISMA flow diagram to ensure clarity 
and reproducibility.

Results
Study Overview
The research trend depicted in Figure 3 reveals a volatile 
publication pattern with peak activity occurring in 2024 
(23 publications), suggesting that HITL systems research 
reached maturity during the Industry 5.0 transition peri-
od rather than by following a consistent growth trajectory. 
The significant dip in 2021 (16 publications) likely reflects 
pandemic-induced disruptions to research activities. This 
cyclical pattern challenges the assumption of linear research 
growth in emerging technologies, instead revealing that 
HITL research follows discrete waves of academic interest 
that may be more dependent on external factors and fund-
ing cycles than on genuine technological advancement or 
industrial demand.
The geographic distribution of human-in-the-loop (HITL) 
systems research in manufacturing shows a clear dominance 
of European institutions, contributing 77 of 134 studies 
(57.0%) and leading advancements in human-centric manu-
facturing and Industry 5.0 (Figure 4, Table 1). Italy topped 
the list with 18 articles on human–robot collaboration (Ko-
kotinis, 2024; Gervasi et al., 2023), followed by Germany’s 15 
studies on cognitive manufacturing (Bocklisch et al., 2024). 
The Asia-Pacific region produced 47 studies (34.8%), with 
China leading at 16, focusing on brain–computer interfaces 
and generative AI (Yan et al., 2025; Yang et al., 2024), while 
South Korea (8) and Japan (5) emphasized smart manufac-
turing (Kim et al., 2025). North America accounted for 28 
articles (20.7%), led by the United States (22) on human–
cyber–physical systems (Allen et al., 1999). Middle East & 
Africa contributed four articles (3.0%) and South America 
produced just one (0.7%) from Peru (Rodolpho, 2024), re-
vealing notable global disparities in HITL research activity.

Figure 2. PRISMA Framework
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Figure 4. Geographic Distribution

Source: authors.
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RQ1: What is the current state of research on Human-in-
the-Loop systems in automated manufacturing?
The evolution of human-machine interaction research in 
manufacturing demonstrates a paradigmatic shift from the 
traditional dark factory concept toward human-centric col-
laborative systems (table 2). During the foundation building 
period (2020-2021), researchers established fundamental 
frameworks for human-robot collaboration, moving away 
from the lights-out manufacturing philosophy that char-
acterized early Industry 4.0 implementations (Rauch et al., 
2020; Li et al., 2021). The Operator 4.0 concept emerged as a 
direct response to the limitations of fully automated systems, 
emphasizing the irreplaceable value of human expertise in 
manufacturing processes (Peruzzini et al., 2020). This pe-
riod witnessed the development of anthropocentric produc-
tion systems that recognized humans as central actors rather 
than obstacles to automation (Osterrieder et al., 2020). Safe-
ty and ergonomics considerations became paramount as 
researchers acknowledged that sustainable manufacturing 
requires systems designed around human capabilities and 
limitations (Simões et al., 2022). The integration of digital 
twin technology during this period laid the groundwork for 
more sophisticated human-machine interfaces that could 
bridge the gap between physical and cyber worlds.
The system integration phase of 2022–2023 marked a piv-
otal shift toward Industry 5.0 principles, challenging the 
dark factory paradigm through the development of hu-
man–cyber–physical systems (Wang et al., 2015). During 
this period, researchers advanced the concept of cognitive 
factories that merge human intelligence with artificial intel-
ligence to create adaptive manufacturing systems responsive 

to human expertise and decision-making (Cotta et al., 2023; 
García et al., 2022). Collaborative engineering approaches 
highlighted that the most effective manufacturing models 
arise from synergistic human–machine partnerships, sup-
ported by quality evaluation frameworks that value both 
productivity and human well-being (Bocklisch et al., 2024; 
Coronado et al., 2022). The current AI integration phase 
(2024–2025) builds on this foundation by deploying genera-
tive AI, embodied intelligence, vision–language models, and 
brain-controlled interfaces to augment, rather than replace, 
human capabilities (Yang et al., 2024; Xu et al., 2025; Sap-
kota et al., 2025; Yan et al., 2025). This theoretical trajectory 
is reflected in workforce transformation patterns (figure 5), 
where human participation shifts from 85% in 2020 to 40% 
in 2025, not as displacement but as a reallocation toward 

Таble 2. Research Trend
Key Focus Areas Notable Studies

Foundation Building (2020-2021, 37 studies)
•	 Anthropocentric production systems
•	 Operator 4.0 concept development
•	 Human-robot collaboration fundamentals
•	 Safety and ergonomics in HRI
•	 Human-in-the-loop systems
•	 Digital twin integration
•	 Voice-enabled assistants
•	 VR/AR in manufacturing

•	 Anthropocentric perspective of production (Rauch et al., 2020)
•	 Proactive human-robot collaboration (Li et al., 2022) 
•	 Smart factory systematic review (Osterrieder et al., 2020) 
•	 Operator 4.0 interface and monitoring (Peruzzini et al., 2020)
•	 HRC workspace design systematic review (Simões et al., 2022)
•	 Digital twin-based interaction review (Wilhelm et al., 2021)

System Integration (2022-2023, 46 studies)
•	 Human-cyber-physical systems (HCPS)
•	 Industry 5.0 human-centricity
•	 Digital twin learning ecosystems
•	 Cognitive factories and intelligence
•	 Adaptive manufacturing systems
•	 Collaborative engineering concept
•	 Multi-agent systems simulation
•	 Resilience in collaborative systems

•	 Human-centric smart manufacturing review (Zhou et al., 2019)
•	 Quality evaluation in HRI for Industry 5.0 (Coronado et al., 2022) 
•	 Digital twin learning ecosystem (García et al., 2024) 
•	 Cognitive factory implementation (Cotta et al., 2023) 
•	 Integrating human cognition in CPS (Bocklisch et al., 2024) 
•	 Learning effect in HRC (Gervasi et al., 2023)

Advanced AI Integration (2024-2025, 51 study)
•	 Generative AI in manufacturing
•	 Embodied AI and smart manufacturing
•	 Brain-controlled robotics interfaces
•	 Advanced multimodal interaction systems
•	 Real-time decision-making frameworks
•	 AI-enhanced digital twin systems
•	 Human-centric flexible manufacturing
•	 Vision-language models for manufacturing

•	 Generative AI empowering parallel manufacturing (Yang et al., 2024)
•	 Embodied AI meets Industry 5.0 (Xu et al., 2025)
•	 MaViLa vision language models (Sapkota et al., 2025)
•	 Brain-controlled robotic arm with E-VEP (Yan et al., 2025)
•	 Human-cyber-physical system review (Lou et al., 2025)
•	 AI-enhanced digital twin systems (Zhang et al., 2025)

Source: authors.

Figure 5. Workforce Transformation Trend

Source: authors.
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cognitive oversight and collaborative decision-making 
(Osterrieder et al., 2020; Rauch et al., 2020). Concurrently, 
robots and automation rise from 15% to 60%, while HITL 
systems grow from 5% to 42%, signaling a deliberate move 
away from full automation toward intelligent integration 
where human expertise enhances machine performance.
The justification for this workforce composition model de-
rives from extensive empirical evidence presented in the 
literature analysis, particularly from the system integration 
phase (2022-2023) where human-cyber-physical systems 
(HCPS) development explicitly challenged the dark fac-
tory paradigm (Wang et al., 2015). The optimal integration 
point around 2022-2024, where human workforce stabilizes 
at 45-65% while HITL systems peak at 35-40%, reflects the 
Industry 5.0 transition toward human-centric manufactur-
ing documented by multiple studies (Coronado et al., 2022; 
García et al., 2022). This configuration maximizes the syn-
ergistic benefits identified in cognitive factory implemen-
tations, where both human intelligence and artificial intel-
ligence are leveraged rather than one replacing the other 

(Cotta et al., 2023; Bocklisch et al., 2024). The advanced AI 
integration phase (2024-2025) data supports this trajectory, 
showing that generative AI and embodied intelligence are 
being deployed to augment human capabilities rather than 
eliminate them (Yang et al., 2024; Xu et al., 2025). The work-
force composition evolution thus represents an evidence-
based projection derived from the research trends analysis, 
demonstrating how human-in-the-loop systems effectively 
bridge automation efficiency with human expertise, creat-
ing “bright factories” that optimize both productivity and 
human well-being through intelligent collaboration rather 
than replacement.

RQ2: What are the key components and characteristics of 
HITL systems in dark factory contexts?
The literature shows that human-in-the-loop (HITL) sys-
tems now permeate nearly every stage of the manufacturing 
business process, shifting from passive automation support 
to active collaboration in decision-making across seven 
operational domains (table 3). In upstream stages, they en-

Таble 3. HITL Technology Architecture Mapping

Author
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Yang et al. (2022) v v v v v v v v v v v v
Kokotinis (2024) v v v v v v v v
Wang et al. (2015) v v v v v v v v v v v v v
García et al. (2024) v v v v v v v v v v v
Peruzzini et al. (2020) v v v v v v v v v v v
Yan et al. (2025) v v v v v v v v
Hermono et al. (2025) v v v v v v v v v v
Zheng et al. (2024) v v v v v v v v
Akinnagbe (2024) v v v v v
Sapkota et al. (2025) v v v v v v v v v
Xu et al. (2025) v v v v v v v v v
Dhanda et al. (2025) v v v v v v v
Mazhar et al. (2019) v v v v v
Tambari et al. (2022) v v v
Bocklisch et al. (2024) v v v v v v
Maraita et al. (2025) v v v v
Zhou et al. (2019) v v v v
Toxtli (2024) v v v v
Zhao et al. (2022) v v v v v v
Çiğdem et al. (2023) v v v
Zhou et al. (2019) v v v v v v v v
Faccio et al. (2023) v v v
Wang et al. (2024) v v v v v v
Zhang et al. (2025) v v v v v v v v v v
Cardoso et al. (2021) v v v v
Baptista et al., (2024) v v v v
Govindarajan et al. (2016) v v v
Su et al. (2022) v v v v v v v v
Source: authors.
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hance design and engineering through ergonomic optimiza-
tion, while in planning and scheduling they enable adaptive 
resource allocation and supply chain flexibility (Hermono et 
al., 2025; Peruzzini et al., 2020; Li et al., 2022; Hartikainen 
et al., 2024). Their sophistication is most evident in qual-
ity control, where AI-assisted vision systems rely on hu-
man validation for edge cases and complex scenarios (Jain, 
2024; Fu et al., 2024). The most intensive integration occurs 
in production, with direct human–robot collaboration al-
lowing adaptive task sharing based on skill complementar-
ity and real-time optimization (Kokotinis, 2024; Gervasi et 
al., 2023; Cai et al., 2025). Ultimately, HITL systems have 
evolved into cognitive partners that leverage predictive ana-
lytics, human expertise, and hybrid decision-making to in-
fluence strategic outcomes such as maintenance scheduling, 
process adjustments, and supply chain coordination (Bogue, 
2025; Bocklisch et al., 2024; Zhou et al., 2019)
Technological architectures enabling Human-in-the-Loop 
(HITL) in dark factories operate as interconnected, multi-
layered systems linking upstream design and planning, 

midstream production, and downstream analytics (table 
4). Tools such as CAD, digital twins, and AI-driven design 
environments integrate with cyber-physical systems and 
robotic workcells, allowing human-validated parameters to 
shape procurement, scheduling, and execution (Hermono 
et al., 2025; Peruzzini et al., 2020; Wang et al., 2015). Quality 
control acts as a convergence point where AI-assisted vision 
systems rely on human judgment for ambiguous cases (Jain, 
2024; Fu et al., 2024), while logistics technologies — such as 
AGVs, IoT tracking, and predictive routing — enable human 
intervention when priorities shift (Yan et al., 2025; Zheng 
et al., 2024). Feedback loops combining AI analytics and 
human–machine interfaces translate operational data into 
actionable process improvements (Maryam, Khan, 2017; 
Zhou et al., 2019). Human involvement spans from design 
engineers and system architects in early stages, to procure-
ment analysts, collaborative operators, quality inspectors, 
and strategic process analysts across the value chain (Koko-
tinis, 2024; Gervasi et al., 2023). This evolution shifts human 
roles from manual tasks to high-value cognitive functions, 

Таble 4. Human Involvement in Business Process
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Yang et al. (2022) v v v v v v v v v
Ou (2019) v v v v
Wang et al. (2015) v v v v v v v
García et al. (2024) v v v v v v
Peruzzini et al. (2020) v v v v
Yan et al. (2025) v v v v
Hermono et al. (2025) v v v v v
Zheng et al. (2024) v v v v
Akinnagbe (2024) v v
Sapkota et al. (2025) v v v v
Xu et al. (2025) v v v v v
Dhanda et al. (2025) v v v v
Mazhar et al. (2019) v v
Tambari et al. (2022) v v
Bocklisch et al. (2024) v v v v v
Maraita et al. (2025) v v v
Wang et al. (2023) v v v
Toxtli (2024) v v
Zhao et al. (2022) v v v v v
Çiğdem et al. (2023) v v
Zhou et al. (2019) v v v v v
Faccio et al. (2023) v v
Wang et al. (2024) v v v
Zhang et al. (2025) v v v v v v
Cardoso et al. (2021) v v v
Baptista et al. (2024) v v
Govindarajan et al. (2016) v v v
Su et al. (2022) v v v
Source: authors.



2026      Vol. 20  No 2 FORESIGHT AND STI GOVERNANCEFORESIGHT AND STI GOVERNANCE 15

embedding humans as a distributed intelligence layer that 
enhances adaptability, resilience, safety, and knowledge con-
tinuity in fully automated environments.

RQ3: How do human roles evolve in HITL-enabled dark 
factories?
The evolution of human roles in HITL-enabled dark facto-
ries reflects a systematic shift from manual, routine-focused 
tasks toward higher-level cognitive, strategic, and innova-
tion-oriented functions across the entire manufacturing val-
ue chain (table 5). In upstream stages such as product design 
and planning, traditional design engineers are increasingly 
augmented by AI-assisted designers and digital twin valida-
tion specialists, eventually transitioning into strategic design 

directors who focus on complex constraint resolution and 
innovation guidance (Allen et al., 1999; Chen et al., 2023; 
Zhang et al., 2025). In procurement, manual supplier evalu-
ations and inventory checks give way to supply chain coor-
dinators leveraging AI-based supplier scoring and IoT-en-
abled inventory monitoring, evolving into strategic buyers 
managing partnerships, sourcing strategies, and risk assess-
ment (Hartikainen et al., 2024; Wan et al., 2023). Produc-
tion, historically centered on machine operators and manual 
scheduling, now relies on production supervisors, excep-
tion handlers, and human–robot coordinators, leading to-
ward exception specialists who oversee anomaly resolution, 
safety, and strategic production decisions (Hidalgo-Castelo 
et al., 2025; Chowdhury, 2023; Li et al., 2022). Quality con-

Таble 5. Stage-by-Stage Human Role Transformation in Business Process
Traditional Role HITL Transition Role Future Dark Factory Role Key Interaction Points

Product Design & Planning (Allen et al., 1999; Chen et al., 2023; Zhang et al., 2025)
Design engineers manually 
create concepts, perform 
calculations, and validate 
manufacturability through 
experience-based assessment

•	AI-assisted designers collaborate 
with generative systems while main-
taining creative oversight

•	Digital twin validation specialists in-
terpret simulation results for manu-
facturing feasibility

Strategic design directors who 
validate AI-generated concepts, 
handle complex design con-
straints, and provide innova-
tion guidance

•	Concept validation check-
points 

•	Creative direction input 
•	Complex constraint resolu-

tion
•	Innovation strategy decisions

Procurement (Hartikainen et al., 2024; Wan et al., 2023)
Procurement specialists 
manually evaluate suppli-
ers, negotiate contracts, and 
manage inventory through 
periodic physical checks and 
spreadsheet-based reordering 
systems

•	Supply chain coordinators work 
with AI scoring systems for supplier 
recommendations while maintaining 
relationship management 

•	 IoT-assisted inventory managers 
monitor real-time stock data with 
predictive reordering oversight

Strategic buyers focused on 
supplier partnerships, risk 
management, and supply net-
work optimization with mini-
mal routine procurement tasks

•	Supplier relationship man-
agement 

•	Contract negotiation over-
sight 

•	Strategic sourcing decisions 
•	Supply chain risk assessment

Production (Hidalgo-Castelo et al., 2025; Chowdhury, 2023; Li et al., 2022)
Machine operators directly 
control equipment, produc-
tion planners create manual 
schedules, and supervisors 
coordinate through visual 
management and experience-
based decision making

•	Production supervisors monitor 
multiple automated systems through 
centralized dashboards

•	Exception handlers intervene dur-
ing system anomalies and complex 
scenarios

•	Human-robot coordinators manage 
collaborative tasks

Exception specialists who han-
dle system anomalies, complex 
problem-solving scenarios, and 
strategic production decisions 
while autonomous systems 
manage routine operations

•	Anomaly detection response 
•	Complex troubleshooting 
•	Strategic production deci-

sions 
•	Human-robot task coordina-

tion 
•	Safety oversight

Quality Control (Fu et al., 2024; Jain, 2024; Ou, 2019)
Quality inspectors perform 
manual visual inspections, 
conduct physical testing, 
and create reports through 
experience-based defect 
identification and corrective 
action planning

•	Quality validators verify AI vision 
system outputs, investigate edge 
cases, and validate automated mea-
surements

•	Standards coordinators establish pa-
rameters for adaptive quality systems

Quality strategists who investi-
gate complex defects, establish 
new quality standards, perform 
root cause analysis, and design 
quality frameworks for AI 
systems

•	Edge case investigation 
•	Quality standard establish-

ment 
•	Root cause analysis
•	Quality framework design 
•	Regulatory compliance over-

sight
Packaging (Liu et al., 2023; Wang et al., 2025)

Packaging workers manually 
place products, apply labels, 
create documentation, and 
perform final inspections 
through physical handling 
and visual verification

•	Packaging supervisors oversee ro-
botic systems, handle customization 
requests, and manage exceptions

•	Quality monitors conduct spot 
checks and audit packaging quality

Customization managers who 
handle complex packaging re-
quests, audit packaging quality, 
and manage customer-specific 
requirements with minimal 
routine packaging involvement

•	Custom packaging design 
•	Quality audit sampling
•	Exception handling
•	Customer requirement man-

agement

Distribution (Merlino, Sproge, 2017; Love et al., 2024)
Logistics coordinators manu-
ally plan routes, process 
orders, update tracking sys-
tems, and communicate with 
customers through phone 
calls and email coordination

•	Distribution supervisors oversee 
AI-optimized routing, manage ex-
ception cases, and handle complex 
logistics scenarios

•	Customer service coordinators man-
age automated communications and 
relationship building

Supply chain optimizers who 
focus on strategic distribution 
decisions, complex logistics 
management, and customer 
relationship building with au-
tomated routine operations

•	Strategic distribution plan-
ning 

•	Complex logistics resolution 
•	Customer relationship man-

agement
•	Exception case handling

Feedback (Sapkota et al., 2025; García et al., 2024; Xu et al., 2025)
Data analysts manually col-
lect survey responses, create 
reports through spreadsheet 
analysis, and develop im-
provement plans based on 
experience and periodic 
reviews

•	 Insight generators interpret AI senti-
ment analysis, design strategic sur-
veys, and contextualize automated 
pattern recognition

•	Strategic analysts translate data in-
sights into actionable business intel-
ligence

Innovation catalysts who pro-
vide strategic insights, guide 
innovation direction, and lead 
continuous improvement ini-
tiatives based on AI-generated 
analytics and pattern recogni-
tion

•	Strategic insight generation 
•	Innovation direction guid-

ance 
•	Business intelligence contex-

tualization
•	Continuous improvement 

leadership
Source: authors.
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trol shifts from manual inspections to quality validators and 
standards coordinators, ultimately producing quality strate-
gists who lead root cause analyses, regulatory compliance, 
and adaptive quality framework design (Fu et al., 2024; Jain, 
2024; Ou, 2019). In downstream processes such as packag-
ing and distribution, roles evolve from manual handlers and 
logistics planners to customization managers and distribu-
tion supervisors, culminating in strategic packaging design-
ers and supply chain optimizers (Liu et al., 2023; Wang et al., 
2025; Merlino, Sproge, 2017; Love et al., 2024). 
Finally, in the feedback stage, human contributions transi-
tion from manual survey analysis toward innovation cata-
lysts — professionals responsible for translating machine-
generated insights into actionable innovation and process 
refinement across the automation lifecycle. Acting at the 
interface between human creativity and algorithmic intel-
ligence, innovation catalysts interpret model outputs, detect 
contextual blind spots, and co-design iterative algorithm 
updates in collaboration with data scientists and process 
engineers before these are embedded in fully automated 

“dark factory” settings. Their activities include prototyping 
new automation logics, validating AI decision boundaries 
through simulated production runs, integrating ethical and 
safety considerations, and initiating continuous improve-
ment cycles that ensure automation remains adaptive and 
innovation-driven rather than static. In this sense, inno-
vation catalysts serve as the connective tissue between AI 
learning and organizational capability building, safeguard-
ing both operational reliability and strategic renewal (Sap-
kota et al., 2025; García et al., 2024; Xu et al., 2025). This 
progression underscores a fundamental paradigm shift in 
HITL dark factories: humans are no longer operators of ma-
chines but architects and stewards of adaptive, resilient, and 
innovation-driven manufacturing ecosystems.

RQ4: What are the research gaps and future directions for 
HITL in dark factories?
While the adoption of Human-in-the-Loop (HITL) systems 
in dark factories has gained momentum, the theoretical 
foundations remain incomplete across several domains (ta-

ble 6). Existing human–AI trust models are often static and 
lack the adaptive mechanisms required for dynamic manu-
facturing contexts, limiting both operator acceptance and 
system reliability (Akash et al., 2020; Islam et al., 2024). Sim-
ilarly, cognitive load theory has been explored broadly, but 
there is a notable absence of manufacturing-specific models 
that address the unique demands of human–automation in-
teraction (Ou, 2019; Passalacqua et al., 2025). The literature 
also reveals fragmented approaches to human–cyber–physi-
cal integration, with no unified framework for seamless 
interaction across the manufacturing lifecycle (Lou et al., 
2025; Wang et al., 2015). Furthermore, predictive models 
for workforce skill evolution are underdeveloped, hinder-
ing strategic workforce planning (Kim et al., 2025). These 
gaps collectively suggest an urgent need for comprehensive 
theoretical advancements to support HITL implementation 
in fully automated environments.
The transition toward HITL-enabled dark factories is not 
solely a technological endeavor but also a complex op-
erational and human-centered challenge (table 7). On the 
technological front, legacy system compatibility remains a 
significant barrier, with current middleware and API solu-
tions offering only limited scalability (Govindarajan et al., 
2016). Human factor design issues, such as operator anxiety 
and resistance to AI, are inadequately addressed by existing 
training programs, which rarely consider psychological ad-
aptation (Ohja, 2024; Heinold et al., 2023). Safety standards 
are often adapted from human–robot interaction contexts 
but are insufficient for the unique risks of dark factory op-
erations (Alessio et al., 2023; Bi et al., 2022). Additionally, 
there is no universal framework for measuring HITL per-
formance, making it difficult to compare outcomes across 
implementations (Coronado et al., 2022; Cummings et al., 
2015). Addressing these challenges requires a coordinated 
effort to establish integration standards, adaptive training, 
and sector-specific safety protocols.
Building on the identified theoretical and practical gaps, the 
literature highlights several high-priority research avenues 
for advancing HITL in dark factories (table 8). One criti-
cal need is the development of adaptive, context-aware trust 

Таble 6. Theoretical Gaps in Current HITL Literature
Theoretical 

Domain Current State Identified Gaps Impact on 
Implementation Required Research Reference

Human-AI 
Trust Models

Basic trust 
frameworks exist

Lack of dynamic trust calibra-
tion models for manufactur-
ing contexts

Medium-High: 
Affects operator 
acceptance and sys-
tem reliability

Development of context-
aware trust models that 
adapt to manufacturing 
scenarios

Akash et al. 
(2020); Islam et 
al. (2024)

Cognitive 
Load Theory

Generic cogni-
tive load studies 
available

Missing manufacturing-
specific cognitive load models 
for human-automation inter-
action

High: Directly 
impacts worker 
performance and 
safety

Industry-specific cognitive 
load frameworks for HITL 
systems

Ou (2019); Pas-
salacqua et al. 
(2025)

Human-Cy-
ber-Physical 
Integration

Fragmented 
theoretical 
frameworks

No unified theory for seam-
less human integration in 
cyber-physical systems

High: Fundamen-
tal to dark factory 
design

Comprehensive theoreti-
cal model for human-CPS 
integration

Liu et al. (2024); 
Wang et al. 
(2015)

Skill Evolution 
Prediction

Descriptive 
studies on role 
changes

Lack of predictive models for 
human skill evolution in auto-
mated environments

Medium: Affects 
training and work-
force planning

Mathematical models pre-
dicting skill transformation 
patterns

Kim et al. (2025)

Collabora-
tive Decision 
Models

Basic human-AI 
collaboration 
frameworks

Missing real-time collabora-
tive decision-making theories 
for manufacturing

High: Critical for 
operational effi-
ciency

Dynamic decision-making 
frameworks for manufac-
turing HITL

Hartikainen et 
al. (2024); Bock-
lisch et al. (2024)

Source: authors.
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calibration models that can respond to varying operational 
demands and operator expertise levels (Akash et al., 2020; 
Islam et al., 2024). Manufacturing-specific cognitive load 
frameworks must also be created to ensure optimal perfor-
mance while minimizing fatigue in high-intensity environ-
ments (Ou, 2019; Passalacqua et al., 2025). Furthermore, 
there is a pressing demand for unified approaches to hu-
man–cyber–physical system integration, predictive models 
for workforce skill transformation, and ultra-low latency 
decision architectures to support real-time human–AI col-
laboration (Hartikainen et al., 2024; Bocklisch et al., 2024). 
Establishing universal performance measurement standards 

will be equally essential, enabling consistent evaluation of 
HITL benefits across manufacturing sectors. These research 
directions collectively provide a roadmap for creating more 
adaptive, safe, and effective HITL-enabled manufacturing 
ecosystems.

Discussion
When examined through the lens of Complex Adaptive Sys-
tems (CAS), the findings of this review reveal that dark fac-
tories exemplify the three defining properties of complex-
ity: multiplicity (numerous AI, IoT, and robotic elements), 

Таble 7. Practical Implementation Challenges
Challenge Category Specific Issues Current Solutions Limitations Immediate Research Needs
Technology Integra-
tion

Legacy system com-
patibility with HITL 
frameworks

Middleware solutions and 
API development

Limited scalability; high 
cost

Plug-and-play HITL inte-
gration standards

Human Factor De-
sign

Operator anxiety and 
resistance to AI systems

Basic training programs and 
gradual implementation

Not addressing psychologi-
cal adaptation

Comprehensive change 
management frameworks

Safety Standards Lack of HITL-specific 
safety protocols

Adaptation of existing HRI 
safety standards

Insufficient for dark factory 
environments

HITL-specific safety stan-
dards and protocols

Performance Mea-
surement

No standardized met-
rics for HITL effective-
ness

Ad-hoc KPIs and case-
specific measurements

Incomparable results across 
studies

Universal HITL perfor-
mance measurement frame-
work

Skill Transition Man-
agement

Workforce upskilling 
for HITL environments

Traditional training ap-
proaches

Doesn’t address role trans-
formation complexity

Adaptive learning systems 
for evolving roles

Real-time Decision 
Making

Latency in human-AI 
decision loops

Improved processing power 
and algorithms

Still not real-time enough 
for critical operations

Ultra-low latency HITL de-
cision architectures

Source: authors.

Таble 8. Potential Research

Current Gap Potential Research  
Direction Research Questions

Lack of dynamic 
trust calibration be-
tween humans and 
AI in manufacturing 
contexts

Develop adaptive, context-
aware trust models that ad-
just based on task criticality, 
system performance, and 
operator expertise

1) How can HITL systems dynamically calibrate trust to optimize collaboration be-
tween human operators and AI in varying manufacturing scenarios?
2) What indicators most effectively signal when trust levels between human and AI 
need adjustment?
3) How does dynamic trust calibration impact decision accuracy and operator satis-
faction in high-stakes manufacturing tasks?

Absence of manu-
facturing-specific 
cognitive load 
frameworks

Create industry-specific 
cognitive load measurement 
and mitigation strategies for 
human–automation interac-
tion

1) What cognitive load factors are most critical in HITL-enabled manufacturing?
2) How can system interfaces be optimized to minimize operator fatigue without 
reducing situational awareness?
3) What adaptive workload distribution strategies between human and AI can 
maintain peak performance in complex production environments?

Fragmented ap-
proaches to human–
cyber–physical sys-
tem integration

Develop unified frameworks 
for seamless HCPS integra-
tion across the manufactur-
ing lifecycle

1) What design principles can ensure smooth human integration into cyber-physi-
cal systems without disrupting automated workflows?
2) How can interoperability between human interfaces and machine control sys-
tems be standardized?
3) What governance models can balance automation autonomy with human over-
sight in fully integrated HCPS environments?

Limited predictive 
modeling for work-
force skill evolution

Build mathematical models 
to forecast skill transforma-
tion under progressive auto-
mation and AI adoption

1) How will human skills evolve in HITL-enabled dark factories over the next de-
cade?
2) What training methodologies best support the transition from manual to cogni-
tive and strategic roles?
3) How can predictive skill evolution models guide workforce planning and cur-
riculum development for future manufacturing jobs?

Underdeveloped re-
al-time collaborative 
decision-making 
frameworks

Design ultra-low latency de-
cision architectures enabling 
synchronous human–AI 
responses

1) How can HITL systems support real-time collaborative decisions in safety-criti-
cal and high-variability manufacturing environments?
2) What communication protocols enable seamless data exchange between humans 
and AI during fast-paced operational scenarios?
3) How can latency thresholds be optimized without sacrificing decision quality or 
safety?

No universal per-
formance measure-
ment standards for 
HITL

Establish standardized, 
multi-dimensional HITL 
performance evaluation 
metrics

1) What indicators can reliably measure the operational, safety, and innovation ben-
efits of HITL integration in manufacturing?
2) How can HITL performance metrics be normalized across different manufactur-
ing sectors and technologies?
3) What balance between quantitative and qualitative measures best captures HITL 
system effectiveness?

Source: authors.
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interdependence (continuous dynamic interactions), and 
diversity (heterogeneous technological and human compo-
nents) (Sargut, McGrath, 2011). This complexity explains 
why fully automated systems face inherent brittleness — 
they struggle with unintended consequences arising from 
unexpected element interactions, cannot adapt to rare but 
high-impact events outside training data, and lack cognitive 
flexibility for novel situations (Sargut, McGrath, 2011; Mc-
Grath, 2019).
The findings of this review confirm that the implementa-
tion of Human-in-the-Loop (HITL) in dark factories is not 
a compromise between automation and human involvement, 
but a deliberate design strategy that leverages human cogni-
tive strengths to overcome the limitations of AI and robotics 
(Hollnagel, Woods, 2005; Papacharalampopoulos et al., 2024). 
While automation delivers high efficiency in well-defined 
conditions, flexibility, contextual reasoning, and anomaly 
handling remain irreplaceable human capabilities (Osterrie-
der et al., 2020; Wang et al., 2015). HITL thus acts as a distrib-
uted intelligence layer, combining machine processing speed 
with adaptive human oversight to keep dark factories respon-
sive to market shifts, product variations, and unexpected dis-
ruptions (Bocklisch et al., 2024; Ou, 2019).
HITL integration also reshapes job structures. In HITL-en-
abled dark factories, humans transition from repetitive man-
ual work to roles as cognitive supervisors, tactical decision-
makers, and strategic directors (Peruzzini et al., 2020; Xu et 
al., 2025). This shift aligns with workforce trends emphasiz-
ing upskilling and reskilling for advanced technologies such 
as digital twins, generative AI, and cyber–physical systems (Li 
et al., 2022; Hermono et al., 2025). Effective HITL adoption 
often requires intuitive human–machine interfaces, transpar-
ency, and remote intervention protocols, enabling meaning-
ful collaboration even without physical presence (Zhou et al., 
2019; Sapkota et al., 2025). Technologically, modular HITL 
architectures span the manufacturing value chain, integrating 
AI-driven CAD, digital twin validation, and human-assisted 
quality control (García et al., 2024; Fu et al., 2024).

Socioeconomically, HITL offers a pathway to mitigate au-
tomation-induced job displacement by creating high-value 
cognitive and strategic positions (Allen et al., 1999). Roles 
such as exception handler, strategic quality analyst, and in-
novation catalyst illustrate this evolution (Zhang et al., 2025). 
Nonetheless, challenges persist — ranging from workforce 
resistance and the absence of HITL-specific safety standards 
to the lack of standardized performance metrics (Coronado 
et al., 2022; Heinold et al., 2023). Without comprehensive 
change management, even advanced HITL systems risk lim-
ited adoption (Ohja, 2024; Lou et al., 2025).
The proposed HITL collaboration framework (Figure 6) 
operationalizes these concepts by mapping the continuous 
interaction loop between AI and human roles across three 
oversight layers (Peruzzini et al., 2020; Xu et al., 2025). At 
the operational level, humans monitor automated systems, 
validate anomalies, and intervene in unexpected cases (Ou, 
2019). The tactical layer enables humans to reconfigure pro-
cesses, resolve uncertainties, and handle escalations (Li et 
al., 2022), while the strategic layer focuses on policy-mak-
ing, innovation roadmaps, and ethical performance review 
(Allen et al., 1999). AI contributes through data acquisition, 
processing, and decision support (García et al., 2024), while 
humans provide contextual judgment and feedback that feed 
back into AI learning (Sapkota et al., 2025). This closed-loop 
interaction ensures that decision-making remains adaptive, 
ethically grounded, and performance-oriented, with gov-
ernance and metrics — covering ethical standards, safety 
protocols, trust calibration, cognitive load limits, and per-
formance indicators — serving as the overarching safeguard 
(Islam et al., 2024; Passalacqua et al., 2025).
Despite significant progress in the literature, important 
theoretical and practical gaps remain. These include the ab-
sence of dynamic trust calibration models between humans 
and AI in manufacturing, the lack of manufacturing-spe-
cific cognitive load frameworks, and the limited availability 
of predictive models for workforce skill evolution (Islam et 
al., 2024; Passalacqua et al., 2025; Kim et al., 2025). Future 

Figure 6. Human-in-the-Loop Collaboration Framework for Dark Factory Environments

Source: authors.
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research should focus on developing universal HITL perfor-
mance metrics, HITL-specific safety protocols for dark fac-
tories, and reliable real-time collaborative decision-making 
architectures (Hartikainen et al., 2024; Zhou et al., 2019). 
Addressing these gaps will enable HITL to serve not only as 
a bridge between full automation and human expertise but 
also as a catalyst for resilient, adaptive, and human-centric 
manufacturing in the Industry 5.0 era (Yang et al., 2024; Xu 
et al., 2025).

Conclusion
This review shows that Human-in-the-Loop (HITL) is not 
merely a compromise between automation and human in-
volvement, but a strategic system design approach that en-
sures dark factories remain adaptive, resilient, and human-
centric in the Industry 5.0 era. By embedding human cog-
nitive capabilities into critical stages such as design, qual-
ity control, anomaly handling, and strategic optimization, 
HITL addresses the limitations of fully automated systems 
while enhancing operational performance. The integration 
of HITL enables a transformation of human roles from man-
ual operators to cognitive supervisors, decision-makers, and 
innovation catalysts, preserving the relevance of human ex-
pertise while unlocking significant productivity gains. This 
shift strengthens the synergy between advanced automation 
and human adaptability, creating a manufacturing ecosys-
tem that is not only efficient but also sustainable from both 
technological and socio-economic perspectives. Viewed 
through the lens of Complex Adaptive Systems, this review 
demonstrates that HITL integration is not merely a techni-
cal bridge but a strategic response to complexity itself — pre-
serving human cognitive capabilities precisely for handling 
the outliers, rare events, and unintended consequences that 
prove more significant than averages in complex manufac-
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