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ABSTRACT

Human—cobot collaborative manufacturing, positioned at the core of the Industry 5.0 paradigm, increases the
stochasticity of production systems through human variability, safety-related stops, and resource-sharing con-
straints. In such environments, rapid identification of dominant bottlenecks and their root causes is critical to
operational resilience, production-management responsiveness, and preserving the human-centric character of
operations. This study proposes an explainable bottleneck-diagnosis framework based on convolutional neural
networks (CNNs) that leverages process heatmaps derived from a discrete-time flow-line simulation model
inspired by the digital twin concept. Each simulation run is encoded as a three-channel heatmap (queue length,
station busy state, and downtime), yielding a compact spatio-temporal “process fingerprint” suitable for image-
based representation learning. We consider a six-class taxonomy: balanced operation, bottleneck caused by
human fatigue, bottleneck caused by cobot performance degradation, bottleneck caused by safety stops in a
human—cobot cell, bottleneck caused by cobot failure, and supply delays (line starvation). On a balanced dataset
of 1,500 synthetic samples, the CNN achieves a test accuracy of 0.938 (macro-F1 = 0.938; 95% Wilson confi-
dence interval for accuracy: 0.898—0.963). An ablation study shows that multi-channel heatmaps improve accu-
racy by 0.10 compared with queue-only heatmaps. Explainability is operationalised using Gradient-weighted
class activation mapping (Grad-CAM), which consistently localises station—time regions associated with queue
build-up and downtime patterns, providing process engineers with evidence that can be translated into cor-
rective actions. The results indicate that simulation-generated heatmaps can support transparent and scalable
bottleneck analytics for human—cobot manufacturing, enabling rapid prototyping prior to deployment on shop-
floor data and providing an evidence-based decision-support instrument for operations and quality management.
The framework also clarifies the shop-floor data required for deployment and proposes a staged implementation
path for real-factory decision support.

Keywords: digital twin, simulation, Industry 5.0, human—cobot collaboration, bottleneck diagnosis, process heat-
maps, convolutional neural networks, explainable artificial intelligence, quality management.

INTRODUCTION

Industry 5.0 reframes advanced manufactur-
ing as a human-centric, sustainable, and resilient
socio-technical system in which technological
progress is evaluated not only through produc-
tivity gains but also through its contribution to
workers’ wellbeing and overall system resilience
[1]. In practice, this paradigm highlights human—
cobot collaboration (HRC) and cobot-assisted
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workstations as key enablers of flexible produc-
tion. Yet, the very features that make HRC attrac-
tive — human variability, shared workspaces, safe-
ty interlocks, and task-level autonomy — intro-
duce non-trivial stochasticity into material flow
and resource utilisation.

In such dynamic systems, bottlenecks are
rarely stationary. They may emerge as a conse-
quence of operator fatigue, drift in cobot perfor-
mance, micro-stops triggered by proximity-based
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safety rules, or disruptions in inbound supply. In
industry surveys, robotics and automation are
consistently ranked among the most relevant
technological development directions for Indus-
try 4.0/5.0, complemented by machine connectiv-
ity, cloud solutions, and data analytics [2]. At the
same time, firms report that resource constraints
and implementation complexity remain key bar-
riers [3]. These trends motivate a methodologi-
cal shift toward scalable decision-support analyt-
ics capable of rapid, and, crucially, transparent,
bottleneck diagnosis.

Two converging streams are particularly
salient. First, simulation-based digital twins are
increasingly used for what-if exploration and for
generating synthetic data when shop-floor labels
are scarce or costly [4]. Second, Al governance
is becoming more demanding, emphasising risk
management, transparency, and accountability
across the lifecycle [5,6]. In industrial contexts
with elevated stakes, explainable artificial intelli-
gence (XAl) is therefore not merely an academic
preference but a practical condition for adoption.

This paper addresses the following research
gap: despite the extensive literature on bottleneck
identification using key performance indicators
(KPIs), event logs, and machine learning, there is
still limited work that (i) explicitly models bottle-
neck mechanisms specific to HRC, (ii) uses simu-
lation-generated “process fingerprints” for super-
vised learning, and (iii) provides faithful visual
explanations linking model decisions to interpreta-
ble process evidence. To close this gap, we propose
a CNN-based bottleneck-diagnosis framework
trained on simulation-generated process heatmaps
and augmented with Grad-CAM explainability [7].

The main contributions of this study are:

1. Simulation model of a human—cobot flow line,
inspired by the digital twin concept, together
with an explicit taxonomy of HRC-related bot-
tleneck causes;

2. Multi-channel process-heatmap representa-
tion that transforms state traces into compact
image-like inputs;

3. CNN classifier for multi-class bottleneck diag-
nosis with an XAl layer based on Grad-CAM,;

4. Reproducible synthetic dataset and an empiri-
cal evaluation including baseline comparisons
and an ablation study.

The research questions (RQ) and hypotheses
(H) are formulated as follows:

e RQI: Can a CNN trained on simulation-gen-
erated process heatmaps classify dominant
bottleneck causes in HRC manufacturing with
high accuracy?

e HI1: The proposed CNN achieves test accuracy
>0.90 for the considered bottleneck taxonomy.

e RQ2: Does multi-channel heatmap encoding
improve diagnostic performance compared
with queue-only heatmaps?

e H2: Multi-channel encoding improves accu-
racy by at least 0.08 relative to queue-only
encoding.

e RQ3: Do Grad-CAM explanations localise
station—time regions consistent with the bot-
tleneck mechanisms embedded in the simula-
tion model?

e H3: The highest Grad-CAM activations over-
lap with regions of queue build-up and down-
time at the bottleneck station.

BACKGROUND AND RELATED WORK

Digital twins, simulation, and synthetic
data in manufacturing

Digital twins are commonly conceptualised as
virtual representations of physical systems kept
consistent through data and models to support
monitoring, prediction, and decision-making. In
manufacturing, the digital twin is positioned as
a foundational technology for smart production,
spanning stages from design and commission-
ing to operation and maintenance [4]. Simulation
plays a critical role because it enables controlled
experimentation, robustness testing under disrup-
tions, and the generation of labelled synthetic
datasets when real labels are unavailable. Recent
studies increasingly exploit this “twin-as-a-data-
factory” paradigm to train and validate deep learn-
ing models prior to full-scale deployment [8].

In the literature, simulation and digital-twin
approaches are frequently used both for system
improvement and for educational purposes. For
example, Flaga and Pacholczak [9] discuss a
web-based digital twin demonstrator, whereas
Daneshjo et al. [10] use simulation to redesign
a workstation in an assembly line. In the HRC
domain, prior work addresses the implementation
and deployment of cobots in manufacturing pro-
cesses [11,12]. Together, these studies support a
methodological continuum from process model-
ling and simulation to data-driven analytics.
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Safety constraints in collaborative work, includ-
ing speed-and-separation monitoring and power-
and-force limiting, are formalised in standards such
as ISO/TS 15066 [13] and, in the latest revisions,
consolidated within the ISO 10218 series for indus-
trial cobots and robot cells [14,15]. This motivates
explicit modelling of safety-related micro-stops in
bottleneck analyses for HRC environments.

Bottleneck identification and root-cause
diagnosis

Bottleneck analysis has a long tradition in
production systems engineering, and classical
approaches rely on utilisation indicators, queue
lengths, and activity/idle-time measures. Classi-
cal bottleneck detection methods, particularly the
average active-period method proposed by Roser
et al. [16], established the principle that bottle-
necks can be detected from state durations rather
than from static utilisation alone. More recent
work has developed dynamic and data-driven
bottleneck identification to account for non-
stationary behaviour. Su et al. [17] propose an
approach to dynamic bottleneck identification in
manufacturing systems, emphasising time-vary-
ing constraints. A recent systematic review by
Skoogh et al. [18] shows that bottleneck-detec-
tion methods can be grouped according to queue-
state, process-state and combined-state informa-
tion, and that their operationalisation may rely
on gemba walks, discrete-event simulation or
data-science approaches. Beyond identification,
root-cause diagnosis increasingly uses structured
representations of manufacturing knowledge and
data. Tang et al. [19] present process-bottleneck
identification and root-cause analysis using
fusion-based clustering and knowledge-graph
embedding, illustrating a shift from detection
towards explainable, causality-oriented reason-
ing. Accordingly, the present study positions
bottleneck diagnosis as a dynamic operations-
management problem in which the location, tim-
ing and managerial response to the constraint are
as important as the final class label.

However, two limiting assumptions recur
in the literature: (i) bottleneck analytics often
assumes a predominance of machine-centric
causes, with limited explicit modelling of HRC
phenomena such as safety micro-stops and
operator fatigue; and (ii) many learning-based
approaches provide point predictions without
transparent process-level evidence.
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Explainable artificial intelligence in
human-centric manufacturing analytics

Explainable artificial intelligence (XAl) is an
umbrella term for local and global methods that
aim to make model behaviour understandable
to humans. Popular model-agnostic approaches
include LIME [20] and SHAP [21]. For convo-
lutional models, gradient-based visual explana-
tion methods such as Grad-CAM provide class-
discriminative localisation maps by combining
feature activations with gradient information
[7]. Recent reviews emphasise that, despite rapid
progress, industrial XAl remains methodological-
ly fragmented and often lacks standardised evalu-
ation protocols [22,23].

In industrial contexts, explainability is cou-
pled with governance and risk management.
The NIST AI Risk Management Framework
highlights transparency and interpretability as
mechanisms for managing Al risks across the
lifecycle [5]. Similarly, European Al regulation
underscores obligations for certain use cases,
strengthening the need for evidence-based docu-
mentation and operational transparency [24,25].
These factors are particularly salient when Al
systems support decisions that affect production
safety and working conditions.

Heatmap representations and vision
learning from process traces

Transforming non-image data into image-like
representations is an established strategy for lever-
aging the representational capacity of CNNs. In
time-series analytics, such transformations enable
the exploitation of spatial locality and hierarchi-
cal feature extraction. For example, Pizon et al.
[26] demonstrate an image-based approach to
trend classification using candlestick-chart rep-
resentations and deep learning augmented with
gradient explanations.

Building on these advances, this study rep-
resents manufacturing-process traces as multi-
channel heatmaps that encode queue dynamics,
station utilisation, and downtime patterns. This
representation supports (i) scalable learning on
simulation outputs and (ii) a direct bridge to visu-
al explainability methods.
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Research gap and positioning

In summary, the literature provides solid
foundations on digital twins, bottleneck analyt-
ics, and explainable Al. Nevertheless, a coherent
pipeline that addresses HRC-specific bottleneck
mechanisms and connects simulation-generated
heatmaps with CNN learning and faithful visu-
al explanations remains underdeveloped. The
framework proposed in this paper aims to close
this methodological gap, while aligning with the
current trend towards simulation- and modelling-
supported engineering applications.

MATERIALS AND METHODS

Overall methodology

The proposed methodology follows the
pipeline shown in Figure 1. A simulation model
inspired by the digital twin concept generates
station-level state traces for a human—cobot
production line under multiple disruption sce-
narios. The traces are then transformed into
multi-channel process heatmaps that serve as
inputs to a CNN classifier. Model predictions
are explained with Grad-CAM, producing sta-
tion—time saliency maps that process engineers
can interpret as evidence supporting the diag-
nosed bottleneck cause. In real-factory use, the
method would operate as an offline or near-real-
time decision-support layer connected to exist-
ing data systems rather than as an autonomous
controller. Companies would need to collect buf-
fer queue length or work-in-process before each
station, station busy/idle states, downtime start
and end times, safety-stop events, cobot cycle-
time and alarm logs, robot-failure records, and
material-arrival or supply-delay timestamps;
these data may come from MES/SCADA/PLC
logs, cobot controllers, safety PLCs, proximity

sensors, buffer counters, RFID/barcode tracking
and ERP or warehouse-management systems. A
practical implementation roadmap is: (1) iden-
tify stations, buffers and decision points; (2)
map available shop-floor signals to the three
heatmap channels; (3) calibrate the simulator
and generate labelled synthetic scenarios; (4)
train and validate the classifier against histori-
cal or pilot observations; and (5) use the CNN
output and Grad-CAM maps in engineering and
operations-management meetings. The result-
ing diagnoses may support corrective actions
such as workload balancing, job rotation and
ergonomic redesign for C1, cobot recalibration
and maintenance review for C2, safety-zone
redesign and sensor calibration for C3, preven-
tive maintenance and spare-parts planning for
C4, and supplier-reliability or buffer-policy
improvement for C5.

Human—-cobot manufacturing system
model

For the study, a single-product flow line con-
sisting of eight sequential stations (S1-S8) con-
nected by finite-capacity buffers was modelled.
Station S3 was defined as a collaborative human—
cobot cell, where processing times and micro-
stops reflect human variability and safety inter-
locks. Station S5 represents an automated cobot/
machine station that can experience rare but long-
lasting failures. The remaining stations model
balanced upstream and downstream operations.

The simulator is discrete-time with horizon T
= 512 time steps. Each station processes at most
one unit at a time. Processing times are sampled
from a lognormal distribution with mean p i
and coefficient of variation CV, reflecting right-
skewed task-time variability observed in manual
and semi-automated operations. Buffer capacity
was set to 50 units for all intermediate buffers.
Baseline parameters are summarised in Table 1.

CNN Classifier
(Bottleneck cause)

Human-Cobot Simulation-based
Manufacturing System Digital Twin

Event Log &
State Traces

H Process Heatmap

XAl Layer
(Grad-CAM)

Model validation & process insight feedback

Figure 1. Conceptual pipeline: simulation-based digital twin — process heatmaps —
CNN diagnosis with an XAl feedback loop. Source: author’s own elaboration
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Simulation experiment design
and bottleneck taxonomy

To reproduce realistic HRC disruptions and
obtain labels for supervised learning, a six-class
bottleneck taxonomy was defined. Each class cor-
responds to a scenario with controlled parameter
changes relative to the balanced baseline:

e (O balanced: stable operation with equalised
processing times and no failures.

e (C1 HRC-human fatigue: progressive increase
in processing time at S3 proportional to cumu-
lative workload.

e (2 HRC—cobot degradation: step increase in
processing time at S3 after half the horizon,
modelling performance drift.

e (3 HRC-safety stop: frequent short micro-
stops at S3, representing interruptions trig-
gered by proximity rules.

e (4 cobot failure: rare but long failures at S5,
coupled with slowed processing.

e (5 supply delay / starvation: reduced arrival
intensity to S1.

Table 2 specifies key scenario parameters. For
each class, 250 Monte Carlo replications were
generated, yielding 1500 labelled samples in total.
Source: author’s own elaboration. The numerical
values in Table 2 should be interpreted as stylised
but engineering-plausible scenario generators, not
as parameters calibrated to a single factory. They
were selected to reproduce qualitatively distinct
HRC bottleneck mechanisms under controlled
conditions: lognormal processing times and CV =
0.20 represent right-skewed task-time variability in
manual and semi-automated work; the C1 fatigue
coefficient creates gradual throughput deterioration
at the HRC station; the C3 micro-stop probability

and duration represent frequent short safety inter-
ruptions; the C4 failure probability and duration
represent rare but long cobot-related stoppages; and
the C5 arrival probability represents line starvation
due to supply unreliability. In C1, n_jobs denotes
the cumulative number of jobs processed at the
HRC station S3 during a simulation run.

Process heatmap encoding

For each simulation run, we record station-
level traces: input-buffer queue length, busy indi-
cator b_i(f), and downtime indicator d_i(¢). The
traces are aggregated into B = 32 time bins by
averaging over successive windows. To obtain
a square, image-like representation, each station
signal is replicated into a fixed block of rows,
forming a BxB heatmap for each channel. The
three channels are then stacked to form an input
tensor X € R3*8x8 X {x,}, where X € R3xBx8
denotes a three-channel process heatmap tensor
of spatial resolution B x B. Queue lengths are nor-
malised by buffer capacity.

This design deliberately preserves the sta-
tion—time structure of congestion and stops
while keeping the input compact for efficient
training. An example of resulting heatmaps is
shown in Figure 2.

CNN architecture and training protocol

A lightweight CNN was designed to classify
heatmaps into six bottleneck classes. The archi-
tecture comprises three convolutional blocks
with ReLU activation and max pooling, fol-
lowed by global average pooling (GAP) and a
fully connected classifier. The layer structure is
shown in Figure 3.

Table 1. Baseline simulation parameters for the eight-station flow line (T = 512 steps, buffer capacity = 50 units,

CV =0.20)
Station Type Mean processing time p (steps) Notes
S1 Manual / assembly 6 -
S2 Manual / assembly 7 -
s3 HRC (human—cobot) 8 HRC cell f/;fgi'i:ﬁ;depe”de”t
S4 Manual / assembly 7 -
S5 Automated: robot/machine 9 Robot station; failure scenario
S6 Manual / inspection 6 -
S7 Packaging 8 -
S8 Packaging 7 -

344



Advances in Science and Technology Research Journal 2026, 20(10), 340-350

Table 2. Scenario-based simulation experiment plan (taxonomy of bottleneck causes and parameter modifications)

Class Arrival probability S3 processing-time modifier S3 micro-stop process S5 failure process
Co 0.18 none none none
C1 0.18 u3-(1+0.03-n_jobs) none none
Cc2 0.18 u3-2.2 after T/2 none none
C3 0.18 none P(stop)=0.20; E[dur]=4 none
c4 0.18 none none P(break)=8£1 36E[dur]=80;
C5 0.06 none none none

CO: Balanced C1: HRC-Human fatigue bottleneck

C2: HRC-Cobot degradation bottleneck

Stations (block-repeated)
Stations (block-repeated)
Stations (block-repeated)

Time bins Time bins

Time bins

C3: HRC-Safety-stop bottleneck C4: Robot breakdown bottleneck C5: Supply delay (sta

Stations (block-repeated)
Stations (block-repeated)
Stations (block-repeated)

Time bins Time bins

Time bins

Figure 2. Representative simulation-generated process heatmaps (queue-length channel)
for the six bottleneck classes

Input Conv(8,3x3)+ReLU MaxPool(2) Conv(16,3x3)+RelLU MaxPool(2)
3x32x32 - 8x32x32 - 8x16x16 - 16x16x16 - 16x8x8
Conv(32,3x3)+RelLU GAP FC Softmax
- 32x8x8 - 32 - 6 classes (probabilities)

Figure 3. CNN architecture used for heatmap classification (B = 32; three-channel input)

Training uses the Adam optimiser with
learning rate 107, batch size 256, and up to 60
epochs. Early stopping selects the checkpoint

Baseline models and evaluation metrics

To contextualise CNN performance, two
feature-based baselines were considered,

with the best validation accuracy. The dataset . .
trained on engineered summary features (mean

is split into stratified train/validation/test sets
(70/15/15) with a fixed random seed for repro-
ducibility. Results are reported using accuracy
and macro-averaged F1 score.

and maximum queue values, mean utilisation,
mean downtime per station, and an approximate
throughput indicator). Baselines include multi-
nomial logistic regression and a random-forest
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classifier. All models are evaluated on the same
stratified test split. Statistical uncertainty of
CNN accuracy is reported as a 95% Wilson con-
fidence interval.

Explainability using Grad-CAM

To obtain visual explanations of CNN deci-
sions, Gradient-weighted Class Activation Map-
ping (Grad-CAM) was used (Selvaraju et al.
2017). For a given class ¢, Grad-CAM computes
weights a_k° by globally averaging gradients of
the class score y© with respect to feature maps 4*
of the last convolutional layer:

H w
al® = 1 ZZ—ay(C) (1)
Y HxW i=1j=1 aAg'()

The class activation map is then given by
L aa—cam = ReLU (Z a?4®) where A(k) € R*"
k

denotes the k — th feature map of the last convo-
lutional layer, H and W are its spatial dimensions,
and ) represents the pre-softmax class score for
class ¢, which is upsampled to the input resolu-
tion. In the proposed application, high activations
in L¢ indicate station—time regions that contributed
most to the diagnosed bottleneck cause, supporting
interpretation that can be translated into engineering
actions. They are treated as saliency-based decision
evidence and as hypotheses for engineering verifi-
cation, not as direct proof of physical causality.

RESULTS

Qualitative simulation behaviour

Figure 2 shows representative queue-length
heatmaps for all scenarios. The balanced variant
(CO0) is characterised by moderate queues without
persistent congestion. Human fatigue in the HRC
cell (C1) generates gradual queue build-up before
S3, consistent with progressively increasing pro-
cessing time. Cobot degradation (C2) produces a
distinct “phase-shift” signature where congestion
rises clearly after half the horizon. Safety micro-
stops (C3) lead to intermittent congestion and
pronounced downtime traces. Cobot failures (C4)
manifest as strong congestion correlated with
long downtime episodes at S5. Supply delays /
starvation (C5) result in low queues throughout
the line, reflecting insufficient inflow.
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Diagnostic performance of the CNN

The CNN trained on three-channel heat-
maps achieves a test accuracy of 0.938 and
macro-F1 = 0.938. For n = 225 test samples,
the 95% Wilson confidence interval for accura-
cy is [0.898, 0.963]. Figure 4 presents the con-
fusion matrix. Most classes are well separated;
the dominant confusion occurs between the
two HRC throughput-drift mechanisms (human
fatigue vs cobot degradation), which intention-
ally share similar congestion signatures but
differ in temporal dynamics. The confusion
between CI1 (human fatigue) and C2 (cobot
degradation) was analysed as a boundary case:
both mechanisms reduce the effective through-
put of the same HRC station S3 and therefore
produce similar queue build-up upstream of the
cell. The discriminating information is mainly
temporal, because fatigue produces gradual
deterioration, whereas cobot degradation pro-
duces a clearer phase change after T/2. In prac-
tice, process heatmaps alone may be insufficient
to separate these two causes with full certainty;
operator shift rosters, ergonomic observations,
cobot maintenance logs and controller diagnos-
tics should therefore be included during real-
factory calibration.

Comparison with baseline models

Table 3 compares the CNN with feature-
based baselines. Logistic regression and random
forest achieve very high accuracy on engineered
summary features, reflecting the discriminative
power of mean/max queue statistics and down-
time measures in controlled synthetic scenarios.
In contrast, the CNN operates directly on raw
heatmaps without manual feature engineering
and provides spatio-temporal explainability via
Grad-CAM, which is not natively available in
classical models. Therefore, the CNN is not pre-
sented as the most accurate model under all syn-
thetic-data conditions. Its value lies in learning
directly from raw spatio-temporal process fin-
gerprints and in producing localised visual evi-
dence that can support managerial and engineer-
ing root-cause triage when manually engineered
features are unavailable, unstable across plants,
or difficult to maintain.
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Table 3. Test-set results: proposed CNN vs feature-based baselines

Model Test accuracy Macro-F1
CNN (multi-channel heatmaps) 0.938 0.938
Logistic regression (summary features) 0.991 0.991
Random forest (summary features) 0.996 0.996

Ablation — single-channel vs multi-channel
heatmaps

To assess the value of multiple process signals,
an ablation variant of the CNN was trained using
only the queue-length channel. The multi-channel
representation improves accuracy by 0.102 (abso-
lute). This indicates that utilisation and downtime
information provides complementary evidence,
particularly for distinguishing safety micro-stops
and cobot failures (Table 4).

Explainability analysis

Figure 5 shows Grad-CAM explanations for
selected scenarios. The saliency maps consis-
tently highlight blocks corresponding to stations
implicated by the bottleneck mechanism (e.g.,
concentrated activations around S3 for HRC cases
and around S5 for cobot failures). Notably, expla-
nations emphasise the time segments in which
congestion builds up or downtime episodes occur,
enabling engineers to link predictions to tangible
process evidence rather than treating the output
as a black-box classification. The maps should
therefore be interpreted as model-attention evi-
dence indicating where the classifier found dis-
criminative information, while the final causal
interpretation must remain with process engineers
and managers who can compare the saliency map
with physical observations and operational logs.

DISCUSSION

Empirical results support the central hypothe-
sis that CNNs can learn discriminative spatio-tem-
poral patterns from simulation-generated process
heatmaps and deliver high diagnostic accuracy.

The most pronounced confusion emerges between
the human-fatigue and cobot-degradation scenar-
ios, which is expected because both mechanisms
reduce the effective throughput of the same HRC
station. In a real plant, separating these causes
with higher confidence may require additional
context (e.g., operator shift rosters, cobot mainte-
nance logs, proximity-sensor traces). Importantly,
Grad-CAM explanations remain informative even
under uncertainty, as they localise the station—time
regions that warrant further investigation.

Beyond predictive performance, the contri-
bution of the proposed pipeline should be read
against the broader Industry 5.0 agenda, which
foregrounds  human-centredness, resilience,
and safe collaboration. Recent HRC scholar-
ship emphasises that performance limitations in
hybrid teams are rarely purely “technical”: they
arise from the coupled dynamics of humans,
robots, safety constraints, and organisational
arrangements [27,28]. This broader organisation-
al perspective is also consistent with recent analy-
ses of paradoxical tensions in the implementation
of human—cobot collaboration under Industry 5.0
conditions [29]. The presented taxonomy explic-
itly elevates human fatigue and safety micro-stops
to first-class bottleneck mechanisms rather than
treating them as unstructured noise. This mod-
elling stance is particularly relevant when HRC
deployment is pursued not only for throughput
but also for ergonomics and risk reduction.

A second alignment with current research
concerns synthetic data and digital-twin-enabled
learning. There is growing evidence that digital
twins can serve as controllable “data factories”
for training and validating deep learning models
before shop-floor instrumentation and labelling
mature [30,31]. This is increasingly coupled with
standardisation efforts that aim to move digital

Table 4. Ablation study — effect of multi-channel heatmap encoding

Encoding Test accuracy Macro-F1
Queue-only (1 channel) 0.836 0.821
Queue + utilisation + downtime (3 channels) 0.938 0.938
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Figure 4. CNN confusion matrix on the test set
(classes CO—C5)

twins beyond bespoke, isolated implementations
towards interoperable industrial ecosystems [32].
In this context, heatmap-based process finger-
prints can be interpreted as a pragmatic interface
layer: they compress heterogeneous traces into a
stable representation that can be generated con-
sistently across scenarios and, in future work,
across plants. For transfer to real-world condi-
tions, synthetic-to-real adaptation should begin
with calibration of arrival rates, processing-time
distributions, buffer capacities, downtime distri-
butions and safety-stop patterns using a limited
set of historical shop-floor logs. A short pilot
phase should then compare model diagnoses with
expert assessments on real shifts; if discrepan-
cies are observed, domain randomisation, fine-
tuning on labelled pilot samples, or extension
of the heatmap channels (e.g., energy consump-
tion, proximity-sensor states or robot alarms) can
reduce the simulation-to-reality gap.
Explainability is likewise situated in an active
and rapidly consolidating research stream. Recent
reviews note that, despite accelerating adoption,
XAl in manufacturing remains fragmented and
often lacks standardised evaluation protocols for

True: C1
Pred: C1

explanation quality and human factors [22,23].
From a governance perspective, this matters
because explainability increasingly intersects with
compliance-oriented documentation, human over-
sight, and risk management [5]. The EU Al Act has
entered into force and is being rolled out progres-
sively, with key milestones for general-purpose
Al governance and high-risk systems coming into
application in 2025-2027 [6,25]. Although the pres-
ent study focuses on a decision-support setting, the
broader regulatory trajectory reinforces the value
of evidence-producing diagnostics, where model
outputs can be audited and discussed by process
and safety stakeholders. In this study, governance
is operationalised narrowly through traceable input
signals, documented scenario assumptions, pre-
served heatmap evidence, human review of Grad-
CAM outputs and pilot validation before operation-
al use; the framework is not claimed to constitute a
complete regulatory-compliance system.

Baseline comparisons indicate that feature-
engineered classical models can achieve near-
perfect accuracy in controlled synthetic scenarios,
reflecting the discriminative power of aggregated
queue and downtime statistics. This does not
diminish the relevance of CNNs; rather, it clarifies
a practical division of labour. Feature-based moni-
tors can be deployed as lightweight early-warning
systems, whereas the CNN+Grad-CAM pipeline
provides localised station—time evidence that
directly corresponds to observable process behav-
iour — valuable when an alarm requires root-cause
triage and action prioritisation. This distinction
also clarifies why higher baseline accuracy does
not invalidate the proposed approach: the intended
managerial use case is transparent diagnosis and
action prioritisation, not only maximum classifi-
cation accuracy on pre-engineered features.

Several threats to validity remain. Internal
validity is supported by controlled scenario defi-
nitions; however, the simplified flow-line model
cannot capture all complexities of real HRC cells
(e.g., multi-skilled operators, parallel stations,

True: C4
Pred: C4

Figure 5. Grad-CAM overlays on queue heatmaps for representative, correctly classified samples
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ergonomic constraints, adaptive task allocation, or
multimodal safety perception). External validity is
limited because the dataset is synthetic; transfer-
ring models to real data will likely require digital-
twin calibration, domain randomisation, and/or
fine-tuning on a small set of labelled shop-floor
observations. Construct validity depends on the
adopted taxonomy: other bottleneck causes (e.g.,
rework loops, intralogistics constraints, qual-
ity inspection policies) can be incorporated by
expanding scenarios and heatmap channels. Final-
ly, future work should examine the robustness of
explanations (e.g., stability under perturbations)
and integrate complementary causal structures
(e.g., knowledge graphs) to strengthen root-cause
reasoning beyond classification [19].

CONCLUSIONS

This article introduced an explainable CNN-
based bottleneck-diagnosis framework for human—
cobot manufacturing settings. A simulation-based
digital twin was used to generate labelled, multi-
channel process heatmaps encoding queues, sta-
tion utilisation, and downtimes. On 1,500 synthetic
runs, the CNN achieved a test accuracy of 0.938
and a macro-F1 of 0.938, while multi-channel
encoding improved diagnostic performance rela-
tive to queue-only heatmaps. Grad-CAM explana-
tions consistently highlighted station—time regions
aligned with the simulated bottleneck mechanisms,
enabling transparent diagnostics that can be trans-
lated into corrective actions.

The practical implication is a deployable
design-to-deployment workflow: engineers and
operations managers can prototype diagnostic
models in silico, where bottleneck causes are con-
trollable and labels are unambiguous, and then
adapt them to shop-floor data as instrumentation
and governance mature. The study also shows that
analytics supporting Industry 5.0 human—cobot
collaboration should be not only accurate, but also
interpretable to the human stakeholders responsible
for safety, work organisation, process improve-
ment, and quality performance. From an operations
and quality management perspective, the frame-
work can support faster prioritisation of corrective
actions, more transparent cross-functional commu-
nication, and better-informed decisions regarding
workload balancing, maintenance, and safety-relat-
ed process adjustments. For industrial adoption,
companies should first ensure reliable collection

of queue, utilisation, downtime, safety-stop, cobot-
performance and supply-delay data, then validate
the model in a small pilot before using it as rou-
tine decision support. Grad-CAM outputs should
be used to guide investigation and communication,
not to replace causal engineering analysis.
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