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A B S T R A C T

The transition to Industry 5.0 highlights the necessity for human-centric and adaptive manufacturing systems. This
study conceptualises amultimodal, generative AI-based assistive system for assembly designed to deliver real-time
error detection and adaptive guidance tailored to diverse operator profiles. The system improves human-machine
interaction by issuing preventive warnings to the operator prior to critical tasks, detecting assembly errors, provid-
ing multimodal corrective instructions during operations, and deploying robotic interventions when operator-
driven corrections prove inadequate. Preliminary laboratory-scale implementation results show the system capa-
bility inmitigating assembly errors through dynamic assistive technology selection and iterative feedback learning.

© 2025 The Author(s). Published by Elsevier Ltd on behalf of CIRP. This is an open access article under the CC BY-
NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/)
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1. Introduction

The manufacturing sector is transforming under Industry 5.0, which
integrates advanced technologies with human skills [1,2]. This human-
centric paradigm prioritises collaboration between humans and
machines to enhance productivity, adaptability, and sustainability [3].
In this context, generative AI (genAI), including large language models
(LLMs), drives advancements in manufacturing, such as multimodal
guidance, real-time error detection, and task optimisation [4�6]. GenAI
is currently showing significant potential within industrial applications
and assistive technologies, addressing challenges such as user-specific
preferences, error management, and adaptability [7]. LLMs are leading
this transformation, enabling natural language-based instructions and
adaptive guidance tailored to complex tasks [8�10]. The integration of
LLMs with vision-language models could enhance human-robot collab-
oration (HRC) in manufacturing environments by enabling more adap-
tive task planning and improving operator efficiency through the
alignment of visual and linguistic cues [11,12].

Augmented reality (AR) could complement these capabilities by
improving task efficiency, and providing context-aware solutions
through AR-assisted digital twins that integrate virtual and physical
environments [3,13,14]. Together, genAI and complementary tools
like AR could provide a robust framework for adaptive, human-cen-
tric manufacturing processes [15].

Despite these advances, state-of-the-art systems often rely on intru-
sive or immersive interfaces, such as head-mounted displays (HMDs),
which could disrupt workflows with negative effects on cognitive load
[11,16], and challenges remain in scaling these systems to dynamic and
complex industrial contexts [12]. In addition, there is a lack of solutions
tailored to operators with diverse cognitive needs [1,5]. In response, this
research proposes a non-intrusive, genAI-based multimodal assistive
system for assembly tasks. The system is designed to provide real-time,
adaptive guidance through integrated error detection, multimodal feed-
back (including voice, visual cues, and robotic support), and communi-
cation channel prioritisation tailored to individual operator needs. Such
a system is intended to help reduce assembly errors, promote human-
machine collaboration, and improve overall operational efficiency.

2. Methodology

The methodological framework represented in Fig. 1 is structured
across interconnected layers, integrating hardware, software, digital
systems, and human-machine interaction.

2.1. Data management layer

The Data Management Layer (DML) handles various types of data,
including personal user information (such as preferences and cogni-
tive profiles), assembly task data (such as instructions), and error his-
tory logs covering operator- and workpiece-related issues, all stored
in a centralised database. Statistical error analysis within this layer
derives key metrics to identify critical assembly steps. These metrics
are evaluated against predefined criteria to determine if proactive
communication with the operator is required [17]. If the criteria are
satisfied, the relevant information is automatically integrated into a
warning prompt, which is transmitted to the genAI Model. This model
generates a tailored warning message for the specific situation by
processing multimodal data and dynamically adapting outputs [6].

2.2. Human layer

The Human Layer represents the operator active role in the
assembly process. This layer is central to the system, as operators
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Fig. 1. Methodological framework.

Fig. 2. Experimental setup.
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perform assembly tasks and engage with the assistive technologies
provided. Operators receive task-specific instructions, error warn-
ings, and corrective guidance through multimodal communication
channels, as discussed in the following sections.

2.3. Generative AI layer

During assembly, multiple cameras capture top and side views of
the workbench. Digital images and video streams are transmitted via
a Python-based Application Programming Interface (API) to pre-
trained genAI models (e.g., ChatGPT) accessed through standard APIs.
The system employs reference-based image analysis against prede-
fined reference images, with updatable prompts tailored to task-spe-
cific conditions. No additional training or fine tuning is required;
each error detection session is initiated independently without carry-
over from previous interactions.

Within this layer, structured prompts verify part selection, assess
tool suitability and evaluate assembly accuracy using predefined
instructions and reference images [18]. The LLM exploits its dual object
detection and generative capabilities by analysing visual data against
these references [19]. In addition, it performs generative functions by
providing detailed error descriptions and creating tailored corrective
and preventive instructions to guide the operator when an error is
detected or when a step is classified as critical. This diagnosis is relayed
back through the API to initiate tailored corrective instructions; if no
error is identified, a green light is displayed, authorising progression to
the subsequent assembly phase [20]. In addition to the tasks men-
tioned above, assistive technologies are selected and prioritised by ana-
lysing operator-specific profiles and contextual data. The analysis
considers key inputs such as task requirements, communication prefer-
ences, and neurodiversity-related details (if applicable) obtained from
operator profiles or medical certifications. Based on this information,
the system evaluates and ranks assistive options, according to their
effectiveness in addressing the operator specific needs. After finalising
the prioritisation, the Generative AI Layer encodes these decisions into
commands and transmits them to the Hardware Control Layer.

2.4. Hardware control layer

This layer actuates the corresponding hardware components, such
as earplug audio systems, mobile projectors, and robotic arms, to
deliver the chosen assistive support. Commands from the Generative
AI Layer are executed via a structured API, enabling precise control of
each device [21]. The projector displays visual cues directly on the
workspace or on the workpiece, the audio system delivers context-
specific auditory instructions, and the robotic arm performs targeted
actions, including item delivery or task execution [22].

2.5. User interaction layer

This layer supports feedback learning via reciprocal human-
machine learning [1], enabling the system to iteratively improve
Please cite this article as: A. Simeone et al., Conceptualisation of a m
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error detection and assistive technology selection. In the event of
error misclassification, the operator interacts with the genAI Model
via text or voice, generating an updated prompt to refine error detec-
tion performance. For assistive technology ineffectiveness, feedback
is recorded and sent to the DML to update the user profile.
3. System architecture and implementation

Fig. 2 illustrates the laboratory-scale setup integrating error
detection, assistive technology selection, calibration, and delivery for
assembly tasks. Task instructions are displayed to operators under
normal conditions to guide assembly execution. Error detection uses
two Logitech C505 HD webcams: one overhead for a top-down view
and one lateral for monitoring operator actions. Real-time image
streams are processed in the genAI Layer via a Python-based API,
ultimodal, non-intrusive, generative AI-based assistive system for
g/10.1016/j.cirp.2025.04.061
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where structured prompts compare captured images with reference
data to verify components, tools, and outcomes. Preloaded textual
and photographic assembly instructions guide this process. Images
(1280 £ 720 px) are optimised with OpenCV calibration routines for
exposure, white balance, and focus, ensuring reliability under varying
lighting. As shown in Fig. 1, discrepancies trigger the genAI Model to
process prompts to determine suitable assistive feedback.

The selection and prioritisation of assistive technologies in the Gen-
erative AI Layer are operationalised through prompts incorporating
dynamic analysis of contextual error data, operator-specific profiles
(communication preferences and/or requirements) and task complex-
ity. Commands from this layer direct hardware actions, under DML
oversight. The system selects the appropriate modality (e.g., visual
cues, auditory instructions, or robotic assistance) based on the operator
profile, and generates corrective outputs to address identified discrep-
ancies. If the initial modality proves ineffective, real-time adjustments
are performed by iteratively updating the operator profile stored in the
DML. For example, if auditory instructions prove ineffective, the system
may provide visual cues or projected messages instead. Operator pro-
files are iteratively updated based on task outcomes and interactions,
enabling continual refinement of assistance. Figs. 3 and 4 illustrate key
elements of the system workflow and robotic actions (see also the
video available in the Supplementary Material), including the genera-
tion and projection of visual instructions via the cobot-mounted pro-
jector (Fig. 3) and robotic assistance for a part removal task (Fig. 4).
Auditory instructions and robotic component handling are not explic-
itly shown in this study, as their flow has already been detailed in pre-
vious research [1,10], with this work focusing on the integration of
genAI for real-time error detection and adaptive multimodal guidance.
Fig. 3. Workflow for instructions generation (a) with detailed view of visual instruc-
tions on workbench (b) and workpiece (c).

Fig. 4. Cobot assisted task (part removal): alignment (a), gripping and extraction (b),
clearance (c).
3.1. System calibration

Calibration ensures precision and synchronisation across auditory,
visual, and robotic modalities for effective task assistance [23]. The
visual guidance system used a DLP� LightCrafterTM Display 2000
Please cite this article as: A. Simeone et al., Conceptualisation of a m
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projector, mounted on an OMRON TM5�900 collaborative robot, to
deliver task-specific visual cues dynamically aligned with the cobot
movements. Corrective instructions generated by the genAI model
were converted into SVG format using Python [24], then transformed
by CairoSVG into JPEG or PNG formats, depending on transparency
requirements, for projection compatibility [25].

Auditory instructions were delivered via high-fidelity earphones
using a text-to-speech system that adapted voice parameters (e.g.,
pitch, tone, speed) to suit environmental conditions [10]. The system
processes textual commands through a command mapping module
that translates them into TMflow Project ID numbers, transmitted as
Transmission Control Protocol (TCP) messages to trigger pre-pro-
grammed motion sequences in the robot controller. Execution is veri-
fied through status feedback from the TMflow system, confirming
completion of each action.

The cobot dynamically adjusts the projector alignment, with cali-
bration performed via the Inter-Integrated Circuit (I2C) protocol.
TCP/IP protocols are used to guarantee reliable communication and
control of robotic tasks, including component delivery and misalign-
ment correction, while Secure Shell (SSH) connections managed con-
figuration and data exchange [26]. Python scripts handled an event
queue to manage and execute predefined actions such as recalibrat-
ing the projector, updating auditory instructions, and adjusting
robotic tasks, warranting synchronisation and adaptive assistance.

3.2. Feedback learning

Concerning the error detection aspects of feedback learning, at
this stage of research, to address AI erroneous outputs in (i) error
detection, (ii) error description, and (iii) instruction generation, a
feedback-driven corrective mechanism was implemented. Human
operators provided corrective prompts, including the input, errone-
ous output, corrective instruction, corrected output, and metadata
such as timestamps, error categories, and operator identifiers. These
human-machine interactions were stored in the DLM database,
potentially enabling systematic retrieval of past corrections. The
database served as an external memory by updating the corrective
prompts for each new session with the operator feedback [27].
Importantly, each error detection check is conducted in a new dia-
logue session, ensuring that although operator feedback is incorpo-
rated into the corrective prompt, the outcomes remain independent.
User feedback is appended to the corrective prompt, thereby
enabling immediate correction of GenAI errors. Concurrently, the
same feedback is integrated into the DML to inform subsequent
error-detection prompts.

Beyond addressing error detection, the framework also handled
technological ineffectiveness and user-specific preferences. When
assistive technologies failed, the system dynamically switched
modalities based on operator preferences stored in the database.
Feedback, logged via a Command-Line Interface (CLI), triggered auto-
matic selection of the next-highest ranked option. Python scripts
using the pandas library managed real-time preference ranking and
updates, while an event-driven architecture activated by feedback or
modality failures ensured responsive coordination and adaptive
adjustments [28,29].

4. Preliminary results

The system was tested on the assembly of a cast iron horizontal
bare-shaft centrifugal pump, focusing on 14 assembly steps, includ-
ing 4 critical steps identified for their high error rates and impact on
quality and time. Three operators with varying experience levels
were monitored during implementation. The following subsections
examine the use of genAI for error detection and the effects of the
various assistive technologies.

4.1. Generative AI-based error detection

The error detection capabilities of genAI models were assessed
using an optimised prompt (excerpt shown in Fig. 5, full version in
ultimodal, non-intrusive, generative AI-based assistive system for
g/10.1016/j.cirp.2025.04.061

https://doi.org/10.1016/j.cirp.2025.04.061


Fig. 5. GenAI prompt excerpt for error detection and correction.
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the Supplementary Material) designed for recognition tasks such as
selecting tools and components (e.g., T-type wrench and diffuser)
and comparing assemblies. Success rate was defined as the propor-
tion of tasks where the model correctly identified components, tools,
or operations without requiring further correction on the first
attempt. Accuracy in error descriptions and corrective instructions
was assessed based on the model ability to precisely characterise
errors and generate actionable guidance. Two genAI models, ChatGPT
v4.0 and Claude v3.5, were tested. ChatGPT achieved an 84 % success
rate, with 16 % false positives, (non-existent errors flagged) and no
false negatives. This ensured that all assembly mistakes were identi-
fied and no incorrect actions were allowed to proceed. Whenever
ChatGPT produced an erroneous output, the operator supplied a cor-
rective second prompt (see Supplementary Material) instructing the
LLM of its mistake, resulting in 100 % rectification of misclassified
instances in subsequent attempts. ChatGPT also achieved 84 % accu-
racy in describing assembly errors and generating corrective instruc-
tions on the first attempt. All the remaining issues, confined to the
same instances as detection errors, were fully resolved after submit-
ting the corrective prompts. Claude, tested under identical condi-
tions, underperformed compared to ChatGPT despite iterative
prompt adjustments. While these results are limited to the specific
case considered, they highlight the critical role of prompt design in
maximising error detection performance. The approach applies the
feedback learning mechanism outlined in Section 3.2, incrementally
improving performance by integrating operator corrections during
runtime. This dynamic refinement eliminates the need for retraining,
unlike static models such as YOLO [30], which require extensive
retraining to adapt to new contexts.
4.2. Assistive technology effectiveness

Of the 12 critical steps (4 steps times 3 operators), warning
instructions successfully mitigated errors in 11 cases (91.7 %),
highlighting the system effectiveness in reducing critical mistakes. A
total of seven visual warnings and five auditory warnings were deliv-
ered; one visual warning proved ineffective and was subsequently
corrected through robotic intervention. Table 1 reports the average
processing times (x) and standard deviations (s) for tasks attributable
to genAI actions adopting ChatGPT. These processing times, on the
order of seconds, demonstrate consistency and low variability, even
in a laboratory-scale setup. Computation times for error detection,
instruction generation, and rendering appear minimally disruptive to
the nominal assembly duration (»25 min). Compared to manual
Table 1
Processing times for generative AI tasks

Phase Task x (s) s (s)

Pre-assembly Critical task identification <0.01 <0.01
Warning mode selection 0.53 0.27
Vocal warning generation 2.68 1.21
Visual warning generation 2.38 0.39

Post-assembly Error detection 5.89 1.28
Corrective instruction mode selection 0.97 0.35
Vocal corrective instructions generation 3.45 0.28
Visual corrective instructions generation 4.01 0.47
Robot movement instructions generation 0.90 0.18
Robot task instructions generation 0.71 0.11

Follow-up check Error detection 4.57 1.11

Please cite this article as: A. Simeone et al., Conceptualisation of a m
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assistance by a human supervisor, as per [1,10], these results suggest
that the developed system can reduce assembly errors with expected
positive impact on time and, in turn, time-associated costs. Neverthe-
less, error detection times, though optimised for this experimental
configuration, remain relatively high compared with state-of-the-art
deep learning technologies [30]. As shown in Table 1, the delivery
time for vocal warnings and corrective instructions is not explicitly
reported, as it depends on case-specific factors, particularly the
length of the instructions (and thus, the duration of the voice mes-
sage playback). Similarly, robot assistance, encompassing actions
such as item movement and task execution, exhibited time spans
ranging from 25 to 32 s during preliminary tests. Longer durations
were associated with tasks executed by the robot, while shorter dura-
tions pertained to item delivery. These recorded times, obtained
under laboratory experimental conditions, reflect the cobot charac-
teristics, including payload capacity, speed, and safety features (e.g.,
compliance with interaction protocols).

5. Conclusions

This study proposed a generative AI-based multimodal assistive
system for assembly that integrates real-time error detection, adap-
tive guidance, and personalised operator support. The projection sys-
tem delivers customisable visual instructions, which can range from
static images to animations and short videos. Unlike approaches rely-
ing on intrusive or immersive technologies such as virtual or AR
headsets, this study focuses on non-intrusive solutions and fully inte-
grates genAI into all phases of operator support. In-situ projection
could offer performance comparable to AR HMDs for skill-based tasks
while reducing cognitive load [31]. Moreover, prolonged use of HMDs
can increase cognitive strain, reinforcing the advantages of projec-
tion-based systems [32]. The system maximises human-machine
interaction by delivering preventive warning messages before assem-
bly, corrective instructions during assembly, and automatic robotic
interventions when these solutions prove ineffective. The study is
subject to limitations regarding current genAI models, hardware and
software, which are not yet optimised for industrial applications.
Despite the limitations of the laboratory scale, the modular architec-
ture of the system is expected to facilitate integration into industrial
workstations and to enable adaptation to various assembly tasks. In
addition, this multimodal system holds promise for enhancing the
inclusion of neurodiverse operators, leveraging its ability to adapt to
diverse cognitive profiles and communication preferences. At this
stage, robotic intervention operates in a reactive mode. Future
research could develop a proactive approach based on monitoring
operator perception and cognition. However, this shift raises ethical
issues regarding privacy, consent and the balance between user
empowerment and misuse, which may necessitate rethinking assis-
tive systems from a person-centred to a task-centred paradigm.
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