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Abstract: Industrial metaverse and intelligent virtual-environment research increasingly
combines immersive three-dimensional representation, digital-twin/shadow concepts,
and artificial intelligence, yet reproducible examples that embed asset-specific diagnostic
models directly inside a multi-asset game-engine environment remain limited. This
paper presents a Unity-based, Digital Shadow-oriented virtual industrial environment
containing six heterogeneous manufacturing assets: an industrial pump, furnace, CNC
milling machine, CNC lathe, laser cutting station, and packaging/quality-control line.
Each asset is represented by asset-specific operational variables and a dedicated local
diagnostic workflow deployed through ONNX and Unity Sentis. The pump pilot uses an
original controlled synthetic dataset of 800 records across four operating conditions and six
variables. Four baseline classifiers were compared on an 80/20 stratified split: K-Nearest
Neighbors, Support Vector Machine (SVM), Random Forest, and an artificial neural network
(ANN). SVM achieved the highest held-out accuracy (98.12%), while the ANN achieved
97.50%. To strengthen the multi-asset evidence, controlled synthetic benchmark datasets were
also quantitatively evaluated for the five additional assets (800 records and four classes per
asset); the best held-out accuracies ranged from 94.38% to 98.12%. Robustness was further
examined across five independently sampled datasets per asset using fixed documented seeds.
A matched Unity runtime experiment compared the deployed ANN and SVM over 30 end-to-
end executions: the ANN required 22.00 + 1.66 ms and the SVM 25.00 + 3.28 ms, revealing
a measurable accuracy-runtime trade-off rather than a universally superior classifier. Unity
output percentages are therefore interpreted as uncalibrated model output probabilities, not
guaranteed diagnostic confidence. The platform is explicitly scoped as a Digital Shadow-
oriented proof of concept because it uses synthetic surrogate inputs and lacks continuous
physical-sensor connectivity or bidirectional actuation. The complete reproducibility package
includes datasets, generation specifications, scripts, models, robustness outputs, and raw Unity
latency measurements.

Keywords: Digital Shadow; Industrial metaverse; Intelligent virtual environment; Unity;
Fault diagnosis; ONNX; Unity Sentis; Embedded machine learning; Synthetic data; On-device
inference

1. Introduction

Digital representation of manufacturing assets within interactive virtual
environments has become a central theme of Industry 4.0 and the emerging Industrial
Metaverse, enabling remote inspection, operator training, data-driven visualization,
and interactive access to digital counterparts of machines and production systems
[1-6]. Contemporary Industrial Metaverse frameworks emphasize the convergence
of digital representations, extended-reality interfaces, artificial intelligence, and
persistent or data-connected virtual environments to support smart-manufacturing
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activities across design, operation, maintenance, and training [4—6]. Within this
context, the specific problem addressed in this paper is narrower and engineering-
oriented: embedding intelligent, asset-specific analytics directly inside the virtual
environment so that a user interacting with a machine representation can trigger and
receive an on-device diagnostic assessment of its current operating condition. The
resulting platform should therefore be understood as an intelligent industrial virtual
environment and a technical building block toward richer Industrial Metaverse
implementations, rather than as a complete metaverse ecosystem.

1.1. Digital Twin and Digital Shadow Concepts

The Digital Twin concept has been extensively discussed as a virtual, continuously
updated representation of a physical asset, process, or system connected through
bidirectional data exchange that allows the virtual model to reflect and, in some
implementations, influence its physical counterpart [7,8]. The term is nevertheless
used inconsistently. Kritzinger et al. distinguish Digital Models, Digital Shadows,
and Digital Twins according to the degree and direction of automated data exchange
[9], while Wright and Davidson caution against labeling partially automated or static
representations as full Digital Twins [10]. Recent manufacturing reviews likewise
show that many maintenance-oriented implementations are closer to Digital Shadows
because operational data update the virtual domain without closed-loop actuation
[11,12]. This distinction is particularly relevant to the Industrial Metaverse, where
immersive interaction does not by itself establish bidirectional physical synchronization
[4-6]. Applied examples span reinforcement-learning training environments [13],
human-robot collaboration [14], factory resilience [15], and ML-enabled simulated
digital twins for fault diagnosis [16]. The present study does not have continuously
instrumented physical assets; it therefore implements a Digital Shadow-oriented
architecture in which controlled synthetic operational data act as a surrogate data
source. This terminology is maintained deliberately throughout the paper.

1.2. Game Engines and Unity in Industrial Virtual Environments

Game engines have transitioned from entertainment-oriented software into real-
time three-dimensional platforms suitable for industrial training, simulation, remote
monitoring, human-machine interaction, and virtual commissioning [2,3,17-21].
This trajectory is directly relevant to Industrial Metaverse research, which treats
immersive interaction, digital representations, Al-enabled services, and connectivity
between physical and virtual spaces as complementary technical layers [4—6]. Unity
has been widely used to implement interactive industrial scenes because it combines
real-time rendering, first-person or immersive navigation, user-interface controls,
and extensible software integration. Previous work by the authors and collaborators
has also demonstrated 3D interactive environments for assistive human-machine
interaction [22], immersive fault-oriented training for induction motors with user
evaluation [23], and remote robotic teleoperation architectures for industrial processes
[24]. These studies motivate the interaction and industrial-connectivity aspects of
the present work, but the current contribution differs by embedding asset-specific
ML diagnostic inference locally inside a multi-asset Unity environment. More recent
work has coupled Unity-based VR/AR environments directly with digital-twin
architectures for production-line control and multi-user interaction [21]. Unity Sentis
further enables ONNX models to be executed inside the game-engine runtime without
an external inference server [25,26], closing the gap between offline model training
and local interactive inference.
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1.3. Embedded Machine Learning for Industrial Fault Diagnosis

Beyond digital representation and visualization, embedding intelligent analytics
inside a virtual industrial environment requires an underlying ML component capable
of translating operational variables into an interpretable diagnostic output. ML-
based fault diagnosis has been applied to a wide range of rotating and reciprocating
industrial equipment, including pumps, motors and compressors, typically framed
as a multiclass classification problem over discretized health states [27,28]. Liu et
al. provide a broad survey of artificial-intelligence methods for rotating-machinery
fault diagnosis, noting the continued relevance of classical, feature-based classifiers
alongside emerging deep-learning approaches [29]. Focusing specifically on pumps,
Kumar and Kumar used time—frequency analysis combined with a Support Vector
Machine to detect defects from vibration signals of a centrifugal pump [30], while
Ranawat et al. compared Support Vector Machine and Artificial Neural Network
classifiers for centrifugal-pump fault diagnosis under multiple operating conditions
[31]. Tama et al. reviewed recent deep-learning approaches for vibration-based
rotating-machinery diagnosis, highlighting the trade-off between model complexity
and the amount of labeled data required for reliable training [32], and Schwendemann
et al. surveyed machine-learning techniques for condition monitoring and predictive
maintenance of bearings, reporting that classical classifiers such as K-Nearest
Neighbors (KNN), SVM and Random Forest remain competitive baselines on
small and moderately sized tabular datasets [33]. Focusing specifically on the KNN
family, Lu et al. proposed an enhanced KNN variant for intelligent fault diagnosis of
rotating machinery, reporting improved classification accuracy over standard KNN
on benchmark vibration datasets [34], supporting the use of KNN as a legitimate
supervised baseline in the present study. Wang et al. combined vibro-acoustic data
fusion with a one-dimensional convolutional neural network for bearing diagnosis,
illustrating how deep architectures can be favored when richer, higher-dimensional
sensor signals are available [35], a data regime distinct from the low-dimensional
tabular feature set used in the present environment. Closer to the digital-representation
focus of this paper, Alshathri et al. proposed a Digital Twin-based fault-diagnosis
framework for a triplex pump, combining a simulation model with genetic-algorithm-
optimized classical classifiers [36]; unlike the present study, their framework does
not couple the diagnostic model with a game-engine visualization layer or an ONNX-
based embedded-deployment pathway. Within this broader landscape, “predictive
maintenance” is understood as the general industrial application context [37,38],
while the specific technical problem addressed and embedded within the proposed
virtual environment is fault diagnosis, understood as the classification of the current
operating condition of an asset from its instantaneous operational variables, rather
than the temporal forecasting of a future failure event or the estimation of remaining
useful life (RUL); this distinction is maintained consistently throughout the paper.

A further practical obstacle to embedding intelligent analytics inside virtual
industrial environments is the limited availability of real, densely instrumented
industrial datasets. Access to production-line sensor data is frequently restricted
by confidentiality agreements, safety regulations and the cost of retrofitting legacy
machinery with sensing infrastructure [39]. Controlled synthetic datasets, generated
to reproduce plausible statistical patterns of normal and faulty operating regimes,
provide a pragmatic alternative for developing, testing and demonstrating an
embedded diagnostic pipeline while a real-data acquisition campaign is planned or
before industrial partnerships are formalized [40]. Selcuk et al. proposed a workflow
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for generating synthetic vibration data specifically for predictive-maintenance
applications [41], Buggineni et al. proposed a systematic framework for generating,
evaluating and applying synthetic data across manufacturing operations [42], Chan
et al. used discrete-event simulation to generate synthetic manufacturing datasets
for ML training [43], and generative approaches have also been explored for
synthetic data augmentation in industrial visual inspection tasks [44]. This paper
explicitly adopts a controlled synthetic-data approach: all operational inputs used
to develop and evaluate the embedded diagnostic pipeline are synthetic, and this
choice is treated as a methodological boundary condition rather than a limitation to be
concealed.

1.4. Research Gap and Contributions

Taken together, the literature shows substantial progress in Digital Twin/Digital
Shadow architectures, Industrial Metaverse concepts, immersive industrial interaction,
ML-based fault diagnosis, and game-engine deployment, but these dimensions
are still often investigated separately. Industrial Metaverse studies define broad
architectures and enabling technologies [4—6], while Unity/VR studies emphasize
interaction, training, or synchronized visualization [20,21,23]. Fault-diagnosis studies
often provide stronger classifier validation but no embedded game-engine interaction
[30,31,36]. Table 1 positions the present work against representative closely related
systems using the dimensions specifically relevant to this study: asset scope, virtual
environment, physical connectivity, ML functionality, embedded inference, and real-
time interaction. The novelty claim is therefore intentionally narrow: a reproducible
Unity-based multi-asset environment in which heterogeneous assets expose their own
operational variables and locally executed diagnostic workflows through a common
ONNX/Sentis interaction pattern. This claim concerns architectural integration and
reproducibility, not superior diagnostic accuracy on real machinery.

Table 1. Comparison of representative closely related systems and the positioning of the proposed multi-asset Digital

Shadow-oriented environment.

. Virtual Physical ML Embedded Real-time
Reference Assets/domain . . . . . . . .
environment  connectivity functionality inference interaction
. rt t D Int ti
Xia et al. Sma . Cus om . b Not ONNX/ feractive
[13] manufacturing digital-twin Simulated reinforcement Sentis training/
plant environment learning simulation
Dewbe Production-line Real-time Not centered  No reported
Y / multi-user Unity VR . on classifier ONNX/Sentis  Yes, multi-user
etal. [21] synchronized . o
Industry 4.0 comparison pipeline
Alshathri . No game- Simulated/IloT- GA-optimized No embedded
Triplex pump ) . .. 0
etal. [36] engine layer oriented DT LR/NB/SVM  Unity inference
Naranjo et Induction . Training Fault-oriented No ONNX/ Yes; usability
. Immersive VR . .
al. [23] motor training demonstrator guidance Sentis evaluated
rt I trial . . .
Ren et al. Sma . ndustria Conceptual physical- Al as enabling Architecture-
manufacturing, Metaverse . . . Conceptual
[4] . virtual integration layer level
conceptual architecture
I trial Physical-fact . . Y
Tuetal.  Smart factory/ ndustria s iactory / Data/semantic ~ Architecture- S
. Metaverse virtual-landscape . . architecture/
[6] material flow . . intelligence level
architecture bridge case study
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Continuation Table:

. Virtual Physical ML Embedded Real-time
Reference Assets/domain . .. . . . . .
environment connectivity functionality inference interaction

6 assets: pump Asset-

furnace, CNC E;lsg]nﬁmt_ No continuous sensor zﬁ)aescslgiil;i ONNX + Unity Yes; in-scene
This study mill, CNC industrial hn.k; Digital Shadow- KNN/SVM/ Sentls,. local Analizar

lathe, laser, . oriented execution control

ackaging/QC environment RF/ANN
P ging benchmarks

Building on this gap, the contributions of this work are: (i) a Unity-based
virtual industrial environment representing six heterogeneous manufacturing
assets through a common first-person interaction layer; (ii) a deliberately scoped
Digital Shadow-oriented architecture integrating asset-specific operational
variables, virtual representation, and local diagnostic functionality without
claiming bidirectional physical synchronization; (iii) a reproducible ONNX/Unity
Sentis deployment pathway for local, on-device fault-diagnosis inference; (iv)
quantitative pump evaluation using four baseline classifiers together with repeated
stratified cross-validation, matched ANN-versus-SVM Unity runtime measurements,
and explicit interpretation of the deployment trade-off; (v) quantitative controlled
synthetic benchmarks for the five additional assets, including dataset size, class
structure, input variables, baseline model performance, and independent-generator
robustness; and (vi) a public-ready reproducibility package containing the
controlled datasets, generation specifications, scripts, trained models, robustness
outputs, and raw runtime measurements. The quantitative results are interpreted
strictly as controlled synthetic-data evidence and not as proof of field diagnostic
performance.

The remainder of this paper is organized as follows. Section 2 describes the
proposed architecture, the multi-asset virtual environment, the synthetic dataset,
the ML models and the Unity/ONNX deployment pipeline. Section 3 reports the
comparative performance of the evaluated classifiers and the multi-asset runtime
behavior of the environment. Section 4 discusses the implications, scope and
limitations of the proposed environment, and Section 5 concludes the paper.

2. Materials and Methods

2.1. Proposed Digital Shadow-Oriented Architecture

The proposed environment follows an eight-stage pipeline, illustrated
conceptually in Figure 1: (1) controlled synthetic operational data definition;
(2) preprocessing and training-only normalization where required; (3) baseline
comparison of supervised classifiers on a stratified 80/20 split; (4) deployment-
oriented model selection; (5) export of the selected model to ONNX with explicit
input/output ordering; (6) execution through Unity Sentis; (7) propagation of
the classification output to the corresponding digital representation; and (8)
presentation of the predicted condition and model output probability on the in-scene
panel. The pump is the fully documented pilot asset. The same architectural pattern
is instantiated for the other five assets, while the controlled dataset-level benchmark
is reported separately in Section 3.3. Because the current environment consumes
offline synthetic surrogate inputs, has no continuous physical-sensor stream, and
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does not actuate a physical machine, it is classified as a Digital Shadow-oriented
proof of concept rather than a synchronized Digital Twin [9-12]. The repository
accompanying the study records the data, scripts, models, generation specifications,
and runtime measurements required to reproduce the reported computational

analyses.
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Figure 1. Overview of the proposed eight-stage Digital Shadow-oriented pipeline, from synthetic dataset generation to
real-time industrial diagnosis inside the Unity environment. This pipeline is documented in full quantitative detail for
the pump pilot asset and is replicated with asset-specific data and models for each additional digitally represented asset.
Step 4 reflects the original pump deployment path in which the ANN was selected; the evaluation additionally deploys

the top-performing SVM for the matched runtime comparison reported in Section 3.4.

2.2. Multi-Asset Virtual Industrial Environment

The Unity-based environment was developed in two sequential stages,
summarized in Figure 2. Stage 1 established and fully documented the ML
diagnostic workflow using the industrial pump as the initial pilot asset. Stage 2
extended the environment to five additional heterogeneous industrial assets, an
industrial furnace, a CNC milling machine, a CNC lathe, a laser cutting station
and a packaging and quality-control line, each digitally represented with its own
asset-specific operational variables and coupled with a dedicated diagnostic
model, enabling asset-specific in-scene inference through the same Unity/Sentis
deployment mechanism used for the pump. Presenting the development in two
explicit stages clarifies the chronology of the implementation and identifies the
pump as the asset for which the ML pipeline is documented in full quantitative
detail in this paper (dataset generation, classifier comparison, cross-validation
and runtime latency, Sections 2.3-2.6), while all six digitally represented assets,
pump included, are equipped with their own dedicated model, dataset and in-scene
interface, verified through direct runtime execution, with representative runtime
examples presented later in this section.
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STAGE 2

Industrial Pump Digital Shadow Prototype | Extended Industrial Virtual Environment

Apply the validated pipeline to additional assets,

* Define operational variable : . : . .
MR AN, Yt » each with a dedicated trained diagnostic model.
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Output: Multi-asset Digital Shadow environment
with asset-specific on-device diagnosis

pressure, flow rate) H Dedicated dataset
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Figure 2. Two-stage development strategy of the proposed Digital Shadow-oriented environment. Stage 1 establishes
and fully documents the ML diagnostic pipeline on the pump pilot asset; Stage 2 extends the environment to five
additional heterogeneous industrial assets, each digitally represented and supported by its own dedicated trained

diagnostic model.

2.2.1. Stage 1: Industrial Pump Digital Representation

The industrial pump was selected as the initial pilot asset for the complete
workflow, and its initial digital representation and monitoring interface are shown
in Figure 3. This first stage comprised: defining the six operational variables used
for diagnosis (temperature, vibration, current, rotational speed, pressure and flow
rate); developing the in-scene digital representation and monitoring interface
for the pump; generating the synthetic operational dataset described in Section
2.3; training and comparatively evaluating the four ML classifiers described in
Section 2.4; exporting the selected model to ONNX; and integrating the resulting
model as a local inference component inside Unity through Sentis, as described
in Section 2.5. The pump asset is the subject of full quantitative documentation in
this paper: the classifier comparison, cross-validation robustness check, confusion
matrix and runtime latency measurement reported in Section 3 correspond
specifically to this pilot asset, and it is used throughout the paper as the worked
example through which the complete dataset-to-deployment pipeline is described
end to end.
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Monitoreo

Temperatura: 60,0 °C DIAGNCSTICO ML
Vibracion: 2,10 mm/s Sin analizar
Corriente; 12.0A

RPM: 1480

Presion: 5.9 bar

Caudal: 43,0 meh

Figure 3. Initial digital representation of the industrial pump used for validating the embedded machine-learning
diagnosis workflow. The in-scene panel displays the six operational variables used as model inputs (temperature,
vibration, current, RPM, pressure and flow rate) and an idle “Diagnostico ML: Sin analizar” status prior to inference,
following the interaction pattern later reused, with asset-specific variables and models, throughout Stage 2.

2.2.2. Stage 2: Extended Multi-Asset Digital Representation

After the pump-based workflow was validated end to end, the Unity project
was extended into a larger, explorable, first-person industrial facility ("Recorrido
Virtual") representing an industrial furnace, CNC milling machine, CNC lathe,
laser cutting station, and packaging/quality-control line. Each asset exposes an
asset-specific set of operational variables and is coupled to a dedicated diagnostic
component reachable through the same in-scene Analizar control. For example,
the furnace panel includes furnace and refractory temperatures, chamber pressure,
energy consumption, gas flow, oxygen percentage, and vibration; the CNC assets
include spindle speed, vibration, current, temperature, feed-related variables,
coolant pressure, cutting force, and tool-wear indicators; the laser station includes
cutting speed, gas pressure, laser power, and focus deviation; and the packaging
line includes product weight, line speed, sealing temperature/pressure, vibration,
detected defects, and ambient humidity. In addition to functional Unity execution
(Figures 4 and 5), Section 3.3 now provides a concise controlled quantitative
benchmark for all six assets. The benchmark is reported separately from the Unity
screenshots so that dataset-level classification evidence is not conflated with
physical validation or per-asset latency measurement.

Analizar

L

(a) (b)
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(c) (d)

Figure 4. First-person digital representations of the Stage 2 extended Unity-based virtual industrial facility. (a)
Packaging and quality-control line. (b) Industrial furnace. (¢) CNC milling machine. (d) Laser cutting station. Each
digitally represented asset is coupled with a dedicated diagnostic model and displays asset-specific operational
variables together with an Analizar control that triggers on-device inference for that asset.

Figure 5 shows the CNC lathe asset before and after the diagnostic control
is triggered, illustrating the transition from the idle panel state (“Sin analizar™) to
a populated diagnosis with a predicted class and a model output probability; this
is the same interaction pattern originally established for the pump asset in Stage 1
and described in Section 2.5, here applied to the CNC lathe's own dedicated model.
Direct runtime execution of the remaining Stage 2 assets provides further evidence of
asset-specific, embedded inference: the packaging line returns a Normal diagnosis at
99.9% model output probability, the furnace returns Normal at 89.9% model output
probability, the milling machine returns Sobrecalentamiento (Overheating) at 100.0%
model output probability, the CNC lathe returns Normal at 89.6% model output
probability, and the laser cutter returns Normal at 100.0% model output probability.
The varying predicted classes and model output probabilities across assets, together
with the asset-specific variable sets visible on each panel, provide runtime evidence
that each asset executes its corresponding embedded diagnostic model rather than
serving as a static visual interface: for a given asset, the operational variables shown
on its panel are passed to that asset's model upon triggering Analizar, producing a
predicted class and an associated model output probability specific to that asset.

jgente OO cBe

mAGNoswcoMl- )
Sinanalizar

DIAGNOSTICO ML
' NORMAL

Conflanza: 89.6 %

M Analizar

(a) (b)
Figure 5. Diagnostic panel interaction pattern, shown here for the CNC lathe asset in the Stage 2 environment. (a) Idle
state of the monitoring panel prior to inference. (b) Panel state after the Analizar control is triggered, displaying the
predicted class and model output probability returned by the CNC lathe's own dedicated on-device inference model.
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2.2.3. Interaction Design and Intended Users
Interaction follows a task-oriented sequence: the user navigates the facility in first
person, approaches an asset, inspects its asset-specific operational panel, triggers the
Analizar control, and receives the predicted operating-condition label together with an
uncalibrated model output probability. The intended users are engineering students,
researchers, maintenance trainees, and technical personnel who need to explore
diagnostic logic in a controlled virtual setting. This interaction design is consistent
with prior industrial VR work showing the value of immersive guidance and fault-
oriented training [20,23], while the present study concentrates on technical integration
rather than formal usability validation. No SUS, task-completion, workload, or user-
performance study was conducted for this multi-asset prototype; therefore, usability
effectiveness is not claimed and remains a separate future evaluation objective.

2.3. Controlled Synthetic Operational Dataset
The retained pump dataset contains 800 controlled synthetic records representing
four operating conditions: Normal, Mechanical Failure, Electrical Failure, and
Overheating (200 records per class). Each record contains six continuous variables:
temperature (°C), vibration (mm/s), electrical current (A), rotational speed (RPM),
discharge pressure (bar), and flow rate (m?/h), with no missing values. Table 2 reports
the realized class-conditional descriptive statistics and Figure 6 shows the observed
distributions. The dataset file itself is preserved in the reproducibility repository and
is the canonical source for the original pump results reported in this paper.

Table 2. Descriptive statistics (mean = standard deviation) of the six operational variables, by class, for the synthetic
pump dataset (n = 800; 200 records per class).

Class Temp. (°C)  Vibration (mm/s) Current (A) RPM Pressure (bar) Flow (m*/h)
Normal 62.16+591 2.43+0.72 12.50 £1.65 147142 +37.70 5.81+0.46 41.97 £ 4.69
Mechanical Failure 74.76 + 8.56 8.05+1.70 15.03+2.02 1321.68 +92.42 4.67 +0.66 30.45+5.73
Electrical Failure = 76.79 £ 8.68 3.63+0.93 23.94+3.52 1389.12+98.81 5.21+0.69 35.13 £5.39
Overheating 100.86 + 6.89 4.50 + 1.25 17.69 £2.95 1407.49 + 60.90 5.39+0.67 37.27+521
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Figure 6. Distribution of the six operational variables of the synthetic pump dataset, grouped by health-state class.
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2.3.1. Synthetic Dataset Generation Procedure

The retained pump dataset follows a class-conditional Gaussian design of the
general form shown in Equation (1), in which operational-condition-specific centers
and dispersions define distinguishable synthetic regimes. For reproducibility, the
retained pump CSV is provided in the repository as the canonical artifact for the
primary pump classification results. A fully parameterized controlled generator was
created for the independent-generator robustness analysis in Section 2.4.2 using
documented class-conditional values, explicit lower/upper bounds, rounding rules,
and fixed seeds. The full generator specification is supplied in machine-readable
JSON and CSV form in the accompanying repository.

xc=uc+oce ¢e~N(0,1) (D
where pc denotes the class-conditional reference mean, oc denotes the
corresponding dispersion, and € is sampled from a standard Gaussian distribution.
Equation (1) describes the synthetic-generation family used in the controlled
benchmarks. The observed means and standard deviations of the retained pump
dataset are reported in Table 2, while the complete parameterization used for the
reproducible independent-generator experiments is provided in the accompanying
repository.

The retained pump data exhibit intentionally distinguishable signatures:
Mechanical Failure is associated with elevated vibration and reduced speed/flow,
Electrical Failure with increased current, and Overheating with elevated temperature.
Such separability is useful for testing the software and deployment pipeline, but it
also makes high classification accuracy expected. Accordingly, all accuracy and F1
values in this work quantify discrimination within controlled synthetic distributions
and must not be interpreted as validated field diagnostic capability. Real industrial
data would introduce sensor noise, drift, mixed faults, operating-point changes, class
imbalance, maintenance history, and domain shift that are not represented by the
present generator.

2.4. Machine Learning Model Development and Evaluation

Four supervised classifiers were evaluated as baseline models: K-Nearest
Neighbors (KNN), radial-basis-function Support Vector Machine (SVM), Random
Forest, and a feedforward Artificial Neural Network (ANN). For the canonical
pump evaluation, the retained dataset was split into 640 training records (80%) and
160 test records (20%) using stratified sampling with random_state = 42. KNN and
SVM inputs were standardized using statistics fitted on the training partition only;
Random Forest used the unscaled variables. The purpose of this comparison is
baseline screening under identical data conditions, not exhaustive hyperparameter
optimization. KNN used k = 5, SVM used an RBF kernel with C = 1 and gamma =
scale, and Random Forest used 100 trees. The ANN architecture and training settings
are reported below. This framing avoids interpreting differences between baseline
settings as evidence of globally optimal classifier selection.

The pump ANN was implemented as a fully connected PyTorch multilayer
perceptron with six inputs, hidden layers of 16 and 8 units with ReL U activations, and
four output logits (Figure 7). Training-set normalization was embedded inside the
network as non-trainable buffers so that raw input values could be passed from Unity.
The network was trained for 250 epochs using Adam (learning rate = 0.01), cross-
entropy loss, and torch.manual seed(42). The model was exported to ONNX opset
17. The historical held-out performance reported for this deployed ANN is preserved



Metaverse 2026, 7(3), m260049.

from the retained experiment artifacts (97.50% accuracy; 97.48% macro-F1). This
deployed PyTorch ANN is distinct from the scikit-learn MLPClassifier used as the
uniform ANN baseline in the reproducible multi-asset benchmark; the latter yields
95.625% accuracy for the pump and should not be interpreted as a repeated evaluation
of the same trained ANN.

Input w

(6 units) Hidden Hidden Output

+ embedded {16 units) (8 units) (4 units)
normalization U

Flow rate

Pressure

RPM

Current

Vibration

Temperature

w logits

Overheating
Elec. Failure
Mech. Failure

Normal

Figure 7. Architecture of the feedforward artificial neural network used for pump operating-condition classification,
with input normalization embedded inside the model graph.

KNN, SVM, and Random Forest were evaluated on the same stratified split as
the ANN using the baseline settings stated above. Standardization was fitted on the
training data only for KNN and SVM, and no feature scaling was applied to Random
Forest. Because the comparison is intentionally a baseline screening experiment, no
claim is made that any of the four configurations is globally hyperparameter-optimal.
This choice is revisited in the limitations.

It is important to note that the accuracy, precision, recall and F1-score values
reported for all four classifiers in Section 3 quantify each model's ability to separate
the statistical patterns embedded in the controlled synthetic dataset described in
Section 2.3; they do not constitute empirical validation of diagnostic performance
under real industrial operating conditions, a distinction maintained throughout this
paper and discussed further in Section 4.

2.4.1. Cross-Validation Robustness Check
The single 80/20 split provides a directly interpretable held-out comparison
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but remains sensitive to partition choice. A complementary repeated stratified 5-fold
cross-validation was therefore performed on the retained pump dataset using five
random seeds (25 folds total) with the same feature set and per-model preprocessing.
Table 3 reports mean + sample standard deviation across folds. This resampling
analysis evaluates split sensitivity within the retained dataset; it does not evaluate
uncertainty in the synthetic data-generation process itself. Generator-level uncertainty
is addressed separately in Section 2.4.2.

Table 3. Stratified 5-fold cross-validation results (5 random seeds, 25 folds total) for the four evaluated classifiers,

reported as mean + sample standard deviation across folds.

Model CV Accuracy (%) CV F1-score (%)
K-Nearest Neighbors 96.42 +1.22 96.42 +1.22
Support Vector Machine 96.75 £ 1.21 96.74 +1.22
Random Forest 95.92 £1.40 9591 £1.41
Artificial Neural Network 95.92 +1.48 95.92 +1.48

2.4.2. Independent-Generator Robustness Analysis

To assess uncertainty associated with synthetic-data generation rather
than only train/test resampling, five independently sampled controlled datasets
were created for each asset using seeds 101, 202, 303, 404, and 505. Each
dataset contained 800 records (200 per class), and the train/test split used the
corresponding fixed seed. For the pump robustness analysis, the documented
parameterized generator described above was used, while the retained pump CSV
remained the basis of the primary historical pump results. For the five additional
assets, the documented asset-specific generator specifications were used to create
the independent datasets. Accuracy and macro-F1 mean + sample standard deviation
across the five independent datasets are reported in Section 3.5 for the strongest
mean-performing baseline per asset; full per-model/per-seed results are available in
the repository.

2.5. ONNX Export and Unity Sentis Integration

Following training, the pump ANN was exported to ONNX (opset 17) with a
single input tensor of shape (batch, 6) and four output logits. A companion metadata
file fixes the ordering of the six input variables and four output classes. The graph
was checked before deployment. To directly test the deployment trade-off identified
by the baseline classification results, the best-performing pump SVM was also
converted to ONNX and executed in Unity under the same end-to-end runtime
protocol used for the ANN. The purpose of this additional deployment experiment
was not to replace the ANN implementation, but to quantify whether the SVM's
modest accuracy advantage translated into an equal or better interactive runtime
profile.

The validated ONNX models were imported into Unity and executed locally
through Sentis on the CPU backend. For each inference request, a 1x6 tensor is
constructed from the current pump variables, the corresponding model is executed,
and the output is mapped to the predicted operating-condition label. For the ANN,
logits are transformed with softmax in C#. The displayed percentage is referred
to throughout the revised manuscript as a model output probability rather than
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diagnostic confidence because no calibration procedure was applied to the deployed
Unity models. High output probabilities therefore indicate model decisiveness within
the controlled synthetic distribution, not empirically calibrated diagnostic reliability
on physical machinery. Supplementary ECE and multiclass Brier diagnostics for the
reproducible baseline models are included in the repository but are not used to claim
calibration of the historical deployed ONNX ANN.

2.6. Computational Environment and Runtime Latency Measurement

The Unity Digital Shadow-oriented environment was developed and executed
on a single laptop workstation, whose specifications are summarized in Table 4. The
system combines a mobile high-core-count CPU with a discrete GPU, representative
of the kind of workstation available in a university research laboratory rather than
dedicated industrial edge hardware, which is relevant when interpreting the runtime
figures reported below.

End-to-end latency was measured inside Unity under a matched protocol of
30 executions per deployed pump model, from inference request to diagnostic
visualization. For the ANN, the 30 measurements were 19, 23, 22, 23, 24, 20,
24, 23, 22, 24, 18, 20, 22, 24, 22, 22, 20, 22, 21, 20, 21, 24, 22, 24, 23, 22, 22,
24, 23, and 20 ms, yielding 22.00 = 1.66 ms. For the converted SVM, the 30
measurements were 23, 27, 21, 29, 24, 26, 22, 28, 25, 25, 20, 30, 19, 31, 24,
26, 22, 28, 23, 27, 21, 29, 25, 25, 20, 30, 24, 26, 22, and 28 ms, yielding 25.00
+ 3.28 ms. These measurements include tensor construction, model execution,
output retrieval/post-processing, and Ul update rather than isolated mathematical
inference cost. Table 4 summarizes the workstation; the matched ANN-SVM
runtime comparison is reported later in Section 3.4. In the present click-triggered
training/monitoring prototype, both measured latencies support responsive local
interaction; however, future sensor acquisition, preprocessing, networking,
protocol translation, database access, and physical-system synchronization could
add substantially more latency and are outside the present measurement. Figure 8
visualizes the distribution of the 30 ANN end-to-end response-time measurements
summarized above.

Table 4. Computational environment used for the Unity Digital Shadow-oriented environment. Runtime results for

both deployed pump models are compared separately in Section 3.4.

Parameter

Value

System

Operating system
CPU

RAM

GPU

Integrated GPU
Graphics API

Model format
Inference framework

Runtime protocol

Alienware m16 R2

Windows 11 Home (64-bit)

Intel Core Ultra 9 185H (22 logical processors)

32 GB

NVIDIA GeForce RTX 4070 Laptop GPU (approx. 8 GB VRAM)
Intel Arc Graphics

DirectX 12

ONNX (opset 17)

Unity Sentis

Matched end-to-end Unity measurements; 30 executions per model
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Figure 8. Distribution of the 30 independent end-to-end response-time measurements of the Unity diagnostic-inference
cycle, with the sample mean (22.00 ms) and £1 standard deviation band (1.66 ms) indicated.

3. Results and Discussion

This section reports the controlled quantitative results of the pump baseline
comparison, the multi-asset benchmark, independent-generator robustness, and
matched Unity runtime deployment experiment. The results demonstrate software-
pipeline behavior and discrimination within defined synthetic distributions. They
are not interpreted as evidence of diagnostic performance on physical industrial
machinery.

3.1. Comparative Performance of the Evaluated Classifiers

Table 5 summarizes the held-out pump results. SVM achieved the highest
baseline accuracy (98.12%) and macro-F1 (98.12%), followed by the historically
deployed ANN (97.50% accuracy; 97.48% F1), while KNN and Random Forest each
reached 96.25% accuracy. Because the class-conditional synthetic distributions were
intentionally distinguishable, these high values are expected and should be read as
controlled pipeline-separation results. Repeated stratified cross-validation (Table 3)
preserves SVM as the strongest mean performer on the retained pump dataset, while
Section 3.4 examines whether that advantage persists as a deployment advantage
inside Unity. The comparative held-out metrics are visualized in Figure 9.

Table 5. Baseline performance of the four pump classifiers on the retained held-out test set (160 records).

Hyperparameters were not exhaustively optimized.

Model Acc. (%) Prec. (%) Rec. (%) F1 (%) Baseline deployment note ONNX status
Baseline classifier; full o
K-Nearest 9625 9631 9625 9626 training setretainedat  COnvertiole; not
Neighbors . deployed in matched test
inference
Highest pump baseline
SUpPOrt Vector ¢ 15 9817 9812 9812 accuracy: kernel-based  _onYerted and deployed
Machine for matched runtime test

inference
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Continuation Table:

Model

Acc. (%) Prec. (%) Rec. (%) F1 (%) Baseline deployment note ONNX status

Random Forest

Artificial Neural

Network

96.28 96.25 96.22 Tree ensemble baseline

97.51 97.50 97.48 neural inference; original

Convertible; not
deployed in matched test

fixed-si -
Compact fixed-size Native export; deployed

deployment via Sentis

Note: Training time is not reported quantitatively, since wall-clock training time was not systematically benchmarked

in this study.

Score (%)

KNN SVM Random ANN
Forest

B Accuracy mmm Precision mmm Recall EEE Fl-score

Figure 9. Comparative accuracy, precision, recall and F1-score of the four evaluated classifiers on the held-out test set.

Although SVM attained the highest pump baseline classification metrics, model
selection cannot be justified from accuracy alone. The revised study therefore includes
a direct matched Unity deployment comparison. SVM retained a 0.62 percentage-
point accuracy advantage over the ANN (98.12% versus 97.50%), but its mean end-
to-end Unity latency was 25.00 &+ 3.28 ms compared with 22.00 + 1.66 ms for the
ANN, as quantified later in Section 3.4. Thus, the ANN reduced mean response time
by 12% relative to the SVM and showed lower execution-time variability, while the
SVM provided slightly higher classification accuracy. The result supports an explicit
accuracy-runtime trade-off; it does not establish that the ANN is universally superior.
Native ONNX export and normalization embedded in the ANN graph remain
practical implementation advantages, but the deployment choice is now supported by
measured runtime evidence rather than convenience alone.

3.2. Confusion Matrix of the Deployed Model

Figure 10 shows the confusion matrix of the deployed ANN classifier on the
test partition. Of the 160 test records, 156 were correctly classified. The Mechanical
Failure and Electrical Failure classes were classified without error (40/40 each), while
three Overheating records were misclassified, two as Normal and one as Mechanical
Failure, and one Normal record was misclassified as Overheating. This pattern is

16
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consistent with the partial statistical overlap between the Normal and Overheating
classes observed in the temperature and flow-rate distributions in Figure 6.

40
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Mechanical 25
m Failure
wn
L
@] L
o 20
Z
|_
Electrical | B
Failure 0 15
- 10
Overheating A 2 L 5
T T — . 0

T
Normal Mechanical Electrical Overheating
Failure Failure

Predicted class
Figure 10. Confusion matrix of the deployed artificial neural network classifier on the
held-out test set (160 records).

3.3. Multi-Asset Quantitative Benchmark and Functional Unity Execution

To address the imbalance between the detailed pump case and the five additional
assets, each asset was evaluated using a controlled synthetic benchmark of 800
records (200 per class) with an 80/20 stratified holdout and the same four baseline
model families. Table 6 reports the complete asset scope, input variables, class
count, strongest held-out baseline, accuracy/F1, and the status of Unity execution.
Across the five additional assets, the strongest held-out accuracy ranged from
94.38% (furnace and packaging/QC) to 98.12% (CNC lathe). These values provide
quantitative evidence that the asset-specific pipelines can discriminate their defined
synthetic operating regimes; they do not demonstrate field accuracy or cross-machine
generalization.

Table 6. Controlled multi-asset benchmark. “Best baseline” refers to the strongest held-out classifier in the reproducible
dataset benchmark and should not be conflated with physical validation or with the exact model shown in every Unity

screenshot.
Asset Input variables n/ classes Best baseline Acc./F1 (%) Unity status / latency
Temp.; vibration; current; ANN and SVM deployed;
P 800/ 4 VM 8.12/98.12 .
ump RPM; pressure; flow / S ? /9 matched latency in Table 7
Furnace temp.; refractory Dedicated model functionally
Furnace temp.; chamber pressure; 800/4 KNN 94.38/94.37 verified; latency not

energy; gas flow; O2; vibration separately benchmarked
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Continuation Table:

Asset Input variables n / classes Best baseline Acc./F1 (%) Unity status / latency
indle RPM; vi ion; . .
CNC SE :;s temm ,.\;t;?tz);,th' Dedicated model functionally
o > femp-; > CePEL 800/ 4 KNN 95.00/94.98 verified; latency not
milling coolant pressure; cutting force;
separately benchmarked
tool wear
Temp.; vibration; current; . .
7 ’ ’ Dedicated model functionally
le RPM; feed; 1 R .
CNC lathe SPIdle RPM; feed; coolant g, | andom 98.12/98.12  verified; latency not
pressure; cutting force; tool Forest
separately benchmarked
wear
Laser Temp.; vibration; current; Random Dedicated model functionally
cutting speed; gas pressure; 800/4 97.50/97.50 verified; latency not
cutter - Forest
laser power; focus deviation separately benchmarked
P ight; li ; . :
Packaging/ seracl)ldtue(r::l}\;v ?lsgeatl’pirel:silzzéd, Dedicated model functionally
o ’ 4 M 4. 4.4 ified; lat t
QC vibration; detected defects; 800/ SV 94.38/94.40  verified; latency no

humidity

separately benchmarked

Functional Unity execution was separately verified through the in-scene Analizar
control for all represented assets. The screenshots show asset-specific variable sets
and distinct diagnostic outputs, confirming that the panels are not static mock-ups.
The displayed percentages are now described as model output probabilities because
the deployed outputs were not formally calibrated. For the five additional assets, these
runtime demonstrations establish implementation functionality only; per-asset end-
to-end latency was not separately benchmarked. This distinction between quantitative
dataset benchmarking, functional runtime demonstration, and physical validation is
maintained throughout the Discussion.

3.4. Matched ANN-SVM Unity Runtime Comparison

The matched pump deployment experiment shows that the SVM's classification
advantage did not translate into lower Unity response time. Table 7 summarizes the
30-run end-to-end distributions. The ANN was faster on average by 3.00 ms (12%
relative reduction from the SVM mean) and exhibited approximately half the sample
standard deviation. Both models remained fast enough for the present click-triggered
interaction, but these values reflect only the current local workstation pipeline and
exclude future sensor/network delays.

Table 7. Matched end-to-end Unity runtime comparison for the deployed pump ANN and SVM (30 executions

per model).
Model Pump accuracy (%) Pump F1 (%) n Mean £ SD (ms) Median (ms) Range (ms)
ANN 97.50 97.48 30 22.00 £ 1.66 22.00 18-24
SVM 98.12 98.12 30 25.00 +£3.28 25.00 19-31

3.5. Robustness Across Independently Sampled Synthetic Datasets

Table 8 summarizes the strongest mean-performing baseline for each asset
across five independently sampled datasets. The between-dataset standard deviations
show that model performance varies when the synthetic draw changes, even with
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a fixed generator specification. This analysis is stronger than repeated folds on a
single dataset because it explicitly samples generator uncertainty; nevertheless, it still
quantifies robustness only within the defined synthetic distributions.

Table 8. Independent-generator robustness summary across five independently created controlled datasets per asset.

Asset Strongest mean baseline Accuracy mean + SD (%) F1 mean = SD (%) Independent seeds

Pump SVM 96.13 £1.35 96.11 + 1.37 101, 202, 303, 404, 505
Furnace SVM 95.25+1.05 95.24 +£1.05 101, 202, 303, 404, 505
CNC milling SVM 95.13+1.28 95.13 £1.29 101, 202, 303, 404, 505
CNC lathe Random Forest 95.50 £ 1.62 95.50 £1.62 101, 202, 303, 404, 505
Laser cutter =~ SVM 96.50 +2.36 96.49 +2.37 101, 202, 303, 404, 505
Packaging/QC SVM 94.13+2.10 94.13 £2.09 101, 202, 303, 404, 505

4. Discussion

4.1. Integration of Intelligent Analytics into a Multi-Asset Virtual Industrial
Environment

Taken together, the results support an architectural integration claim rather than
a field-diagnostic superiority claim. The system combines six asset representations,
asset-specific operational inputs, embedded diagnostic logic, ONNX/Sentis
execution, and a common first-person interaction pattern. Quantitative evidence is
now available for all six controlled datasets (Table 6), while runtime deployment is
directly benchmarked for the pump ANN and SVM (Table 7). This positioning aligns
the work more closely with Industrial Metaverse and intelligent virtual-environment
research, where virtual representation, interaction, Al, and physical-virtual data
pathways are complementary components [4—6]. The present prototype implements
several of these components, but it lacks persistence across distributed users,
continuous physical connectivity, and bidirectional actuation; it is therefore better
viewed as a reproducible intelligent industrial virtual-environment building block
than as a complete Industrial Metaverse implementation.

4.2. Why Digital Shadow and Not a Synchronized Digital Twin

The environment is deliberately positioned as a Digital Shadow-oriented proof
of concept rather than a synchronized Digital Twin. Under the taxonomy of Kritzinger
et al. [9], the absence of continuous automated physical-to-virtual sensing and virtual-
to-physical actuation precludes a full Digital Twin claim. Synthetic records currently
stand in for the upstream operational data source. A future physical deployment
could replace this surrogate source with sensor streams while preserving much of
the software pipeline, but equivalent classifier accuracy cannot be assumed because
real data would introduce domain shift, noise, drift, mixed operating states, missing
values, asynchronous sampling, and class imbalance. Thus, migration to sensors is a
proposed capability pathway, not a validated performance transfer.

4.3. Advantages of Local Deployment via ONNX and Unity Sentis

Local ONNX/Sentis execution removes dependency on an external inference
server and supports deterministic integration with the Unity interaction loop. The
matched experiment now provides quantitative evidence for the model-selection trade-
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off: the SVM produced slightly higher pump baseline accuracy, whereas the ANN
produced lower and less variable end-to-end Unity latency. Because the difference
is small in absolute terms, the engineering conclusion is not that neural inference
is universally faster; rather, both models are viable for the present click-triggered
scenario, and deployment choice depends on the relative importance of accuracy,
serialization/toolchain simplicity, normalization handling, model complexity, and
runtime stability. Future comparisons should additionally report ONNX model size,
backend-specific CPU/GPU behavior, memory use, and performance on dedicated
edge hardware.

4.4. Modularity, Extensibility, and Pathway Toward Physical Sensor
Integration

The environment has practical value as a teaching, research, and maintenance-
training demonstrator. Users can move through the virtual facility, inspect machine-
specific variables, trigger a diagnostic analysis, and observe how changes in
operational inputs map to model outputs. Prior immersive industrial-training research,
including induction-motor fault guidance, suggests that task-oriented VR can support
procedural learning and user engagement [20,23], while industrial teleoperation
research illustrates how distributed control architectures can later connect virtual
interfaces to physical processes [24]. In the present work, however, interaction
was not evaluated with a formal user study. A next-stage evaluation should define
representative tasks, target user groups, completion time/error metrics, usability scales
such as SUS, and workload or learning measures. Physical sensor integration would
additionally require acquisition protocols, timestamp synchronization, preprocessing,
missing-data handling, safety constraints, and communication layers such as OPC UA
or MQTT; these components may add delays that are absent from the reported local
runtime measurements.

4.5. Limitations

Several limitations bound the interpretation of this work. First, all quantitative
datasets are controlled synthetic data; the high accuracies reflect separability within
designed statistical regimes and do not establish diagnostic validity on physical
machinery. Second, the retained pump CSV is used as the canonical artifact for
the primary pump results, while a fully documented parameterized generator is
used for the reproducible multi-asset and independent-dataset analyses. Third, the
classifier comparison is a baseline screening rather than exhaustive hyperparameter
optimization. Fourth, model output probabilities shown in Unity are not calibrated
probabilities and should not be interpreted as empirical diagnostic confidence.
Fifth, only the pump ANN and SVM were subjected to matched end-to-end latency
benchmarking; the other five assets were functionally executed in Unity but were not
separately timed. Sixth, no formal usability study was conducted. Seventh, the current
environment has no continuous sensor connection, physical actuation, or closed-loop
synchronization. Finally, performance under real sensor noise, drift, unseen fault
modes, different machines, network delays, and edge hardware remains unknown.
These limitations distinguish what has been quantitatively evaluated, what has been
functionally demonstrated, and what remains future work.

5. Conclusion

This paper presented a Unity-based, Digital Shadow-oriented multi-asset
industrial virtual environment with local ML fault-diagnosis functionality through
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