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Abstract

This paper proposes a new Unified Namespace (UNS)-based architecture to improve pre-
dictive and prescriptive maintenance of industrial equipment and overcome challenges
such as incomplete data, poor interoperability, and disconnected IT/OT environments.
The framework combines interoperable data formats in real-time sensor data, predictive
modeling, prescriptive analytics, and simulations of digital twins, using UNS as a cen-
tralized, protocol-agnostic data layer that is scalable and complies with Industry 4.0 and
Pharma 4.0 standards. The suggested methodology increases data accessibility, reduces
integration complexity, and allows low-latency analytics and automated decision-making.
Machine learning predictive models achieved more than 94% accuracy in predicting equip-
ment failures. Prescriptive analytics provides maintenance recommendations to reduce
downtime and risks. The feedback loops of digital twins can enhance the accuracy of
predictions and allow decision optimization through what-if analysis. A test-bench de-
ployment showed a higher performance compared to traditional point-to-point integration,
with lower latency (approximately 18 ms vs. approximately 31 ms), decreasing packet
loss (0.40% vs. 3.11%), and higher model accuracy (94.20% vs. 87.51%). The structure
avoided more than 4000 simulated breakdowns in the test-bench environment, indicating
dependability. The study connects the theoretical applications of the UNS with the actual
maintenance processes and provides a sound approach to the industrial analytics and
optimization of the equipment.

Keywords: Unified Namespace; predictive maintenance; prescriptive maintenance;
digital twin

1. Introduction
Industrial maintenance strategies have evolved from reactive and preventive ap-

proaches toward data-driven predictive and prescriptive methodologies enabled by Indus-
try 4.0 technologies [1]. Predictive maintenance (PdM) identifies early degradation using
real-time sensing and machine learning, while prescriptive maintenance (RxM) recom-
mends optimal interventions to mitigate failure risks [2]. Despite these advances, practical
deployment remains constrained by fragmented data sources, heterogeneous protocols,
and persistent IT/OT separation. These limitations hinder closed-loop decision-making,
digital-twin validation, and scalable analytics [3].
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The Unified Namespace (UNS) has emerged as a promising architectural solution,
offering a protocol-agnostic, hierarchical, real-time data layer [4]. However, the existing
literature primarily discusses UNS conceptually, without demonstrating how it can op-
erationalize PdM/RxM workflows or support digital-twin-based decision validation in
real environments.

This study addresses these gaps by presenting the first experimentally validated
UNS-based predictive–prescriptive maintenance architecture. The key contributions are
as follows:

• A fully implemented UNS architecture integrating MQTT, OPC-UA, Modbus, predic-
tive models, and a digital twin into a unified workflow.

• Quantitative comparison of UNS vs. point-to-point (P2P) communication, demon-
strating lower latency (18 ms vs. 31 ms), reduced packet loss (0.40% vs. 3.11%), and
improved predictive accuracy (94.20% vs. 87.51%).

• A digital-twin feedback loop that validates predictions, monitors drift and evaluates
prescriptive actions before deployment.

• A reproducible methodology linking raw sensor data, UNS ingestion, predictive
modeling, prescriptive optimization, and simulation-based validation.

While UNS has been discussed in prior work as a conceptual integration pattern for
Industry 4.0 [5,6], existing studies do not demonstrate how UNS can operationally support
predictive modeling, prescriptive analytics, or digital-twin-based decision validation.

The novelty of this work lies in

(i) implementing a fully functional UNS-based PdM/RxM workflow,
(ii) experimentally validating it on a physical test bench, and
(iii) integrating a digital-twin feedback loop directly into the UNS for real-time prescriptive

action verification. To our knowledge, this is the first empirical demonstration of
a UNS-driven predictive–prescriptive maintenance architecture evaluated within a
controlled test-bench environment, providing an initial but important step toward
validating UNS-enabled PdM/RxM workflows in real industrial settings.

2. Methodology
This study adopts a system-based experimental methodology using a controlled

electromechanical test bench designed to emulate the behavior of a small industrial pump
or motor. The objective of the setup is to generate realistic operational data under both
normal and fault-induced conditions and to evaluate how a Unified Namespace (UNS)
can support predictive and prescriptive maintenance workflows [7]. As noted earlier in
the manuscript, the test bench continuously streams vibration, temperature, pressure, and
power measurements, and “the UNS receives this data in real time.” The methodology
integrates data acquisition, preprocessing, predictive modeling, digital-twin simulation,
and prescriptive decision optimization into a unified and reproducible workflow.

2.1. Test Bench and Data

The test bench consists of a motor-driven rotating shaft instrumented with a three-
axis accelerometer, a temperature probe positioned near the bearing assembly, a pressure
transmitter installed in a closed pneumatic loop, and an electrical power meter measuring
voltage, current, and real power. These sensors were selected to reflect common industrial
monitoring points in rotating machinery [8]. All sensors operate at a sampling rate of
100 Hz, resulting in approximately 33,000 samples per sensor for each experimental run. To
evaluate the robustness of the proposed maintenance architecture, controlled disturbances
were introduced into the system. Mechanical imbalance was created by adding mass
to the rotating shaft, thermal overload was induced by restricting airflow around the
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motor housing, and pressure restriction was simulated by partially closing a valve in
the pneumatic line. These interventions produced realistic degradation patterns while
maintaining safe operating conditions [9].

2.2. Data Preprocessing

Once acquired, the raw sensor data undergoes a structured preprocessing pipeline to
ensure quality and consistency before entering the predictive modeling stage [10]. High-
frequency noise is reduced using a five-point moving average filter, which smooths the
signal while preserving transient behavior. Outliers caused by electrical interference or
sensor jitter are identified using a z-score threshold of |z| > 3 and removed to prevent
distortion of the learning process. All features are then normalized using min–max scaling
to ensure compatibility across variables with different magnitudes. The dataset is subse-
quently divided into training, validation, and testing subsets using a 70–15–15 split. The
held-out test set contains 5000 samples and is used exclusively for final evaluation. Fault
and non-fault samples were balanced to avoid bias in the predictive model [11].

2.3. Predictive Models

Two lightweight machines learning models were selected based on their suitability
for real-time deployment within a UNS-based architecture. Isolation Forest was used
for anomaly detection, particularly for identifying abnormal temperature and vibration
patterns. Its low computational overhead and ability to model normal behavior without re-
quiring labeled fault data make it appropriate for edge-level execution. Logistic Regression
was employed to estimate the probability of imminent failure using multivariate sensor
inputs. Both models were trained using Scikit-learn and TensorFlow. The training process
employed the Adam optimizer with a learning rate of 0.001, running for 50 epochs with
a batch size of 64. The failure-score output was trained using a mean-squared error loss
function. More complex models such as LSTM, GRU, and XGBoost were evaluated during
preliminary experiments but were excluded due to higher inference latency and reduced
suitability for real-time UNS integration [12].

2.4. Digital Twin

A digital twin of the test bench was developed using a discrete-time state-space
representation. The model describes the system dynamics through the equations

xt+1 = Axt + But + wt

and
yt = Cxt + vt

where xt denotes the internal system state, ut represents the input vector derived from
sensor measurements, and yt is the predicted output. The matrices A, B, and C were
identified from baseline operational data using system identification techniques, while
wt and vt represent process and measurement noise respectively [13]. The fidelity of the
digital twin was evaluated using the simulation error metric

Esim =| yactual − ysimulated | .

As reported in the manuscript, the simulation error remained below 0.05 across vibra-
tion, pressure, and temperature signals, demonstrating that the twin accurately replicates
real system behavior and can safely validate prescriptive actions before they are applied to
the physical system.
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2.5. Prescriptive Optimization

Prescriptive maintenance decisions are generated by solving an optimization problem
that balances intervention cost and failure risk. The decision rule is expressed as

min
a∈AC(a) + λR(a)

where C(a) denotes the cost associated with a maintenance action, R(a) represents the risk
of failure if no action is taken, and λ is a weighting factor that determines the trade-off
between cost and reliability [14]. The action set includes controlled shutdowns, speed
reductions, and scheduled maintenance interventions. Each candidate action is evaluated
within the digital-twin environment to ensure that it reduces risk without introducing
instability or unintended consequences.

2.6. Definition of “4000 Avoided Failures”

The reported figure of 4000 avoided failures corresponds to simulated high-risk events
detected during the test-bench experiments. A failure event is counted when the predictive
model outputs a failure probability greater than 0.8, the digital twin confirms that the
predicted state would lead to unsafe operation, and the prescriptive module identifies
an action that reduces the risk below the safety threshold. As clarified in the manuscript,
“These 4000 prevented failures refer to simulated high-risk events generated within the
controlled test-bench environment.” They do not represent real industrial failures but rather
demonstrate the system’s ability to detect and mitigate hazardous conditions in a controlled
and repeatable manner.

2.7. Experimental Design Summary

The experimental campaign consisted of multiple controlled runs on the electrome-
chanical test bench, each lasting approximately 330 s and generating ~33,000 samples per
sensor (100 Hz sampling) per run, as described in the manuscript (“All sensors operate at
a sampling rate of 100 Hz, resulting in approximately 33,000 samples per sensor for each
experimental run.”). Fault conditions were injected systematically through mechanical
imbalance, thermal overload, and pressure restriction to ensure balanced representation of
normal and degraded states. The predictive models were trained using a 70/15/15 split,
with 5000 held-out test samples (“The held-out test set contains 5000 samples and is used
exclusively for final evaluation.”). Hyperparameters included a learning rate of 0.001,
50 epochs, and batch size of 64 for the Logistic Regression model, while the Isolation Forest
used default contamination-based anomaly scoring. This consolidated design ensures
reproducibility and clarifies the scope of the experimental evaluation.

3. System Design
3.1. Research Design

The system is designed to collect real-time operational data from industrial equipment
and process it through a Unified Namespace (UNS). A controlled test bench is used to
generate vibration, temperature, pressure, and power measurements. These measurements
are streamed into the UNS, which acts as the central integration layer. Predictive models
and a digital twin consume this data to support maintenance decisions [15].

Predictive modeling is formulated as a supervised learning task, where sensor inputs
xt are mapped to a failure score yt:

ŷt = fθ(xt)
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where xt represents the sensor input vector at time t, yt is the predicted failure score, and
fθ(·) denotes the predictive model parameterized by θ.

L(θ) = 1
n

n
∑

i=1
(yi − fθ(xi))

2

where L(θ) is the mean-squared error loss, n is the number of training samples, and yi and
xi are the true label and input vector for sample i.

3.2. Unified Namespace (UNS): Data Architecture for Industry 4.0

The UNS is implemented as a protocol-agnostic, hierarchical data layer that connects
sensors, PLCs, SCADA, MES, ERP, and analytical applications [16]. Figure 1 shows the
UNS architecture. All incoming data streams are normalized for timestamps, formats, and
naming conventions to ensure consistency across the system.

Figure 1. Unified Namespace (UNS) architecture.

Communication performance is monitored using throughput:

T = N
∆t

where T is throughput, N is the number of packets received, and ∆t is the measurement
interval.

3.3. Implementation of UNS

The UNS is deployed on a layered architecture linking field devices, communication
protocols, and analytics engines [17]. Figure 2 shows the workflow for publishing data
from industrial devices. MQTT, OPC-UA, and Modbus are used for communication, and
each data point is assigned a unique namespace identifier for traceability [18].

Latency is measured as

trvb cL = treceived − tsent

where L is communication latency, tsent is the timestamp when the packet was published,
and treceived is the timestamp when it was consumed.
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Figure 2. UNS implementation workflow.

3.4. Industrial Data Sources and Communication Protocols

The system collects data from vibration sensors, temperature probes, pressure trans-
mitters, power meters, PLCs, and SCADA systems [19]. MQTT supports lightweight,
low-latency messaging (Figure 3). OPC-UA provides structured and secure PLC/SCADA
communication, while Modbus and BACnet support legacy devices [20].

Figure 3. MQTT communication protocol.

Protocol performance is evaluated using latency and packet integrity to ensure reliable
data for analytics.
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3.5. Data Processing and Analysis

After ingestion into the UNS, raw sensor data are standardized and cleaned. Noise is
reduced using a moving average filter, and outliers are detected using the z-score:

zt =
xt−µ

σ

where zt is the standardized value, xt is the raw measurement, µ is the mean, and σ is the
standard deviation.

Historical and real-time data are used for predictive modeling. Model stability is
monitored using drift:

Dt =| ŷt − ŷt−1 |

where Dt is the drift value at time t and yt and yt−1 are consecutive model outputs.
This ensures consistent behavior under varying operating conditions.
The dataset was divided into 70% training, 15% validation, and 15% testing. The

5000 samples used for evaluation correspond to the held-out test set [21]. All results were
computed using unseen data to ensure unbiased evaluation. Fault conditions were injected
into real sensor streams to ensure balanced representation of failure and non-failure states.

3.6. Digital-Twin Development and Validation

A digital twin is implemented to simulate equipment behavior using a discrete-time
state-space model:

xt+1 = Axt + But + wt

yt = Cxt + vt

where xt is the system state, ut is the input vector, yt is the output, A, B, and C are system
matrices, and wt and vt represent process and measurement noise. Figure 4 shows the
digital-twin environment.

Figure 4. Digital-twin representation.

Simulation accuracy is evaluated using

Esim =| yactual − ysimulated |

where Esim is the simulation error, yactual is the real measurement, and ysimulated is the
digital-twin output.
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The twin validates predictive outputs and tests prescriptive actions before applying
them to the real system.

3.7. Core Technologies

The system integrates IoT sensors, machine learning models (TensorFlow, Scikit-learn),
3D visualization tools, distributed storage, and cloud services [22,23]. Table 1 lists the
predictive models and their applications.

Table 1. Predictive models and application.

Model Type Application Algorithm Used Data

Anomaly Detection Temperature Abnormalities Isolation Forest Scikit-learn
Predictive Maintenance Pressure Drop Prediction Logistic Regression Tensor Flow

These technologies form the foundation for real-time maintenance intelligence.

3.8. System Architecture

Figure 5 presents the full system architecture, integrating the UNS, predictive models,
prescriptive logic, digital-twin engine, and dashboards. Data exchange uses structured
APIs and message queues.

Figure 5. The real system architecture used in the test-bench environment.

End-to-end decision cycle time is measured as

Ccycle = LUNS + Lmodel + Lprescriptive

https://doi.org/10.3390/jeta4010013
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where LUNS denotes UNS communication latency, Lmodel model inference time, and
Lprescriptive prescriptive decision time. This ensured that the architecture created was able to
accept real-time operations. In addition, Table 2 includes the most important technologies
in question and the corresponding advantages.

Table 2. Key technological components and benefits.

Technology Component Benefit

IoT Sensors Real-time data collection Timely detection of anomalies
Machine Learning Predictive failure models Reduced downtime, proactive maintenance
3D Visualization Digital-twin integration Enhances monitoring and status updates
Data Management Distributed data storage Fast access and data reliability
Security Protocols Encrypted data flow Ensures secure, compliant system

3.9. Predictive and Prescriptive Support for Maintenance

The predictive model monitors equipment condition to detect anomalies and degrada-
tion trends [24]. The prescriptive module selects the best maintenance action using

min
a∈A

C(a) + λR(a)

where C(a) represents intervention cost, R(a) the risk associated with failure, and λ a
weighting factor balancing cost and reliability

3.10. Lifecycle Phases of the Prescriptive Maintenance Strategy

The maintenance strategy progresses through perceived, conceived, predictive, and
adaptive phases. Sensor anomalies trigger transitions between these phases using an
anomaly score:

St =
|xt−µ|

σ
(1)

When the score exceeds a threshold, the system changes from historical analysis to
predictive or adaptive decision-making. These phases ensure the maintenance strategy
dynamically reflects real equipment conditions.

3.11. Data Security and Integrity

Security controls were used to provide confidentiality and integrity of the system over
UNS channels of communication. Any information sent over MQTT and OPC-UA was
encrypted with TLS [25]. Role-based access controls limited access to sensitive parameters
of operations. The audit logs kept track of all the transactions, and thus traceability. The
tampering probability was used to determine data integrity:

Ptamper =
Detected Anomalous Packets

Total Packets

where Ptamper is the probability of data tampering.

4. Case Study Analysis
This case study shows how the proposed UNS system works in a real scenario. The

test bench represents a small industrial machine. It behaves like a pump or a motor used
in many factories. The setup includes vibration sensors, temperature sensors, pressure
sensors, and a power meter. These sensors send data to the UNS in real time.

The UNS collects all sensor values under a single namespace. Each value has a
timestamp. Each value has a clear name. This makes the data easy to use. The UNS sends
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the data to the predictive model without delay. The average latency is about 18 ms. The
packet loss is very low at 0.40 percent.

The predictive model checks the sensor data. It predicts if the equipment will fail. The
model accuracy is about 94 percent. The model gives early warnings when vibration or
temperature increases. The UNS makes the data stable and clean. This improves the model
accuracy compared to point-to-point systems.

The digital twin receives the same inputs as the real machine. It simulates the behavior
of the equipment. The digital-twin output matches the real output. The error stays below
0.05. The drift stays below 0.012. This shows that the digital twin is reliable. The twin tests
the prescriptive actions before they are used on the real system.

The prescriptive module uses the prediction and the digital twin. It suggests the best
action. It may suggest a shutdown. It may suggest a speed reduction. It may suggest a
maintenance task. The test bench avoided more than 4000 possible failures during the
study. This shows that the system can reduce downtime.

These 4000 prevented failures refer to simulated high-risk events generated within the
controlled test-bench environment. They represent model-detected failure states validated
through the digital twin, not real industrial failures.

This study demonstrates that a Unified Namespace can serve as an effective real-time
integration layer for predictive and prescriptive maintenance within a controlled test-
bench environment. The UNS reduced communication latency and packet loss, improved
data consistency, and enabled higher predictive accuracy compared to a traditional P2P
architecture. The digital twin provided a reliable mechanism for validating predictions and
evaluating prescriptive actions before deployment.

These findings highlight the potential of UNS-based architectures; however, they are
limited to the experimental setup used. Future work should evaluate scalability, multi-
machine coordination, cybersecurity hardening, and deployment in real industrial environ-
ments with more complex operating conditions.

5. Benchmark Comparison
This section compares the UNS system with other maintenance systems. The first

comparison is between UNS and a point-to-point (P2P) setup. The UNS system shows
lower latency. The UNS system shows lower packet loss. The UNS system also shows
higher throughput. As seen in Table 3 the predictive accuracy is also higher when the data
comes through the UNS.

Table 3. Performance Comparison.

System Accuracy Latency Packet Loss

UNS System 94.20% ~18 ms 0.40%
P2P System 87.51% ~31 ms 3.11%

Typical PdM (literature) 85–93% Not reported Not reported

The second comparison is with values reported in other predictive-maintenance
studies. Many studies report accuracy between 85 percent and 93 percent. The UNS system
reaches about 94 percent accuracy. This shows that the UNS improves the quality of the
data. It also shows that the UNS helps the model make better predictions.

This comparison shows that the UNS system performs better. It also shows that the
UNS system is more stable and more accurate.

https://doi.org/10.3390/jeta4010013
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6. Digital-Twin Validation
The digital twin is used to copy the behavior of the real equipment. It receives the

same sensor inputs as the real system. It runs a simple state-space model. The goal is to
match the real output as closely as possible. The digital twin helps to test actions before
they are used on the real machine [26,27].

The digital twin shows high accuracy during the study. The vibration, pressure, and
temperature signals match the real signals. The error stays below 0.05 for all three signals.
This means the digital twin can follow the real system with good precision. The drift also
stays low. The drift values remain below 0.012. This shows that the digital twin is stable
over time [28].

The digital twin also supports prescriptive maintenance. It tests the recommended
actions in a safe virtual space. It checks if the action reduces risk. It checks if the action
prevents failure. It checks if the action keeps the system within safe limits. This helps to
avoid wrong decisions. It also reduces the chance of unnecessary shutdowns.

The digital twin improves the reliability of the predictive model. It confirms the predic-
tion before the action is taken. It also helps to tune the model when the behavior changes.
This makes the full system more robust. It also makes the maintenance process safer.

7. Results
All results presented in this section refer specifically to the controlled test-bench envi-

ronment described earlier. These findings should therefore be interpreted as evidence of
feasibility under controlled conditions rather than as direct indicators of performance in
full-scale industrial deployments. Performance metrics such as latency, drift, and predictive
accuracy reflect the hardware configuration, injected fault scenarios, and UNS implemen-
tation used in this study. These results should therefore be interpreted within the scope
of the experimental setup and not generalized to full-scale industrial systems without
further validation.

7.1. Real-Time Data Performance and Communication Latency

The histograms shown in Figure 6 compare performance metrics in an UNS scenario.
The top-left plot indicates that throughput using UNS is consistently high, with most
measurements clustered tightly around 1600–1650 units, showing stable and predictable
performance. The top-right plot reveals that MQTT latency is generally low, peaking around
16–18 ms, with a symmetric distribution indicating reliable response times. Likewise, the
bottom-left histogram for OPC UA latency shows significantly higher values, centered
around 25–27 ms, reflecting slower performance compared to MQTT. Finally, the bottom-
right plot of maximum jitter demonstrates very low variation, mostly below 4–6 units,
suggesting minimal timing instability across the tested system.

Figure 6. Cont.
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Figure 6. Real-time data performance and latency.

7.2. Predictive Model Accuracy and Stability

Table 4 summarizes the predictive model’s accuracy and stability across 5000 test
samples. The model demonstrates strong overall performance, achieving a mean accuracy
of 94.18%, with precision and recall averaging 91.79% and 92.69%, respectively. In addition
to accuracy, the model demonstrated strong precision (mean 91.79%) and recall (mean
92.69%), with a low mean absolute error of 0.034, as shown in Table 4. These metrics
confirm that the model performs consistently across both positive and negative classes,
strengthening the reliability of the reported 94% accuracy. The low standard deviations
(≈1% for accuracy, precision, and recall) indicate consistent performance across samples,
while the MAE remains minimal at 0.034, reflecting precise predictions. The observed
ranges show that even the lowest accuracy and precision values (≈90.5% and 87.7%)
remain high.

Table 4. Predictive model accuracy and stability.

Statistic Accuracy (%) Precision (%) Recall (%) MAE

Count 5000.000 5000.000 5000.000 5000.000
Mean 94.182 91.792 92.688 0.034
Std 0.983 1.199 1.129 0.0049
Min 90.545 87.656 87.788 0.0168
25% 93.498 90.961 91.921 0.0306
50% 94.192 91.799 92.673 0.0340
75% 94.851 92.613 93.458 0.0373
Max 97.811 96.230 96.801 0.0505

Likewise, simulated prediction drift over 10 consecutive time windows remained very
low, with all measured drift values remaining below 0.012, as shown in Figure 7. The drift
fluctuates mildly between approximately 0.002 and 0.009, with minor peaks around time
windows 3–4 and 8, but never exceeds the acceptable threshold of 0.012. This indicates
excellent model stability over time; the data distribution and model behavior remain
highly consistent with the original training conditions, with no significant concept or data
drift occurring. The model does not require retraining or monitoring alerts based on this
simulation, demonstrating robust real-world reliability even as new data arrives overtime.

7.3. UNS vs. Point-to-Point (P2P) Integration: Comparative Evaluation

The comparative analysis between the UNS and traditional P2P integration demon-
strates the superiority of UNS in system performance and predictive reliability, as indicated
in Figure 8. The mean latency for UNS is significantly lower at ≈18 ms compared to ≈31 ms
for P2P, with packet loss reduced from 3.11% to 0.40%, indicating more efficient and reliable
data transmission. UNS also achieves higher throughput (≈1620 messages/s) versus P2P
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(≈1180 messages/s). In terms of predictive performance, UNS-processed data yields a
mean accuracy of 94.20% and MAE of 0.034, outperforming P2P data, which achieves
87.51% accuracy and MAE of 0.061, as indicated in Figure 9.

Figure 7. Simulated drift over time.

Figure 8. UNS and P2P comparative performance metrics.
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Figure 9. UNS and P2P mean error value. Box plot comparing MAE distributions for UNS and P2P.
Circles represent statistical outliers, indicating data points that fall outside the typical range of each
method’s error distribution.

7.4. Digital-Twin Validation and Simulation Accuracy

Figure 10 consists of three time-series plots comparing real sensor measurements (blue)
against predictions from a digital-twin model (orange) over approximately 7000 s, with
error thresholds below 0.05 for all metrics.

Figure 10. Real vs. digital twin.

Vibration: The real and twin signals overlap almost perfectly, both showing highly
similar oscillatory patterns with amplitudes ranging from about 3.5 to 6.5 units.
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Pressure: The two lines are virtually indistinguishable, fluctuating tightly around
100 units with minor variations between roughly 99.7 and 100.1.

Temperature: Again, excellent alignment is observed, with both signals following the
same gradual waves from around 44 to 56 degrees.

Across all three parameters, including vibration, pressure, and temperature, the digital
twin demonstrates remarkable fidelity to real-world data, maintaining errors well under
0.05 throughout the entire period.

7.5. Evaluation of Prescriptive Maintenance Decisions

Figure 11 presents two histograms illustrating the outcomes of an optimization process.
The left plot shows the distribution of parameter adjustment risk reduction, with most
instances clustered around 20–25 units, forming a roughly normal distribution peaking
near 23 and spanning from about 15 to 30. The right plot depicts optimized maintenance
downtime reduction, similarly normally distributed but with a higher peak count, cen-
tered around 17–18 units and ranging from approximately 10 to 26. Both distributions
indicate consistent and substantial benefits from optimization, with most cases achiev-
ing meaningful reductions in risk (around 22 units on average) and downtime (around
18 units), demonstrating reliable performance improvements across numerous simulations
or scenarios [29].

Figure 11. Optimization process. The bars represent the frequency distribution of each metric,
while the overlaid smooth lines depict the estimated probability density, highlighting the underlying
distribution shape.

Moreover, as shown in Figure 12, which illustrates the impact of implementing con-
trolled shutdowns on preventing system failures, for cases where no failure was prevented
(labeled as 0), the count is zero, indicating no such occurrences. In contrast, when controlled
shutdowns successfully prevented failures (labeled as 1), the count exceeds 4000 instances.
This demonstrates that the predictive maintenance strategy, likely powered by the digi-
tal twin and monitoring system, effectively averted over 4000 potential failures through
proactive interventions, resulting in zero unprevented critical failures and significantly
enhancing system reliability and safety.

In addition, Figure 13 illustrates the impact of implemented prescriptive maintenance
actions on risk reduction across three scenarios. Scenario 1, representing an optimal and
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targeted maintenance strategy, shows the largest relative reduction, indicating that focused
interventions are highly effective. Scenario 2, corresponding to a standard or conventional
maintenance approach, achieves a moderate decrease in risk, demonstrating that even
typical prescriptive actions contribute to mitigation. Scenario 3, reflecting a high-risk or
reactive context with initially elevated risk levels, achieves only a moderate reduction,
suggesting that while interventions are beneficial, high initial risk limits the overall impact.

Figure 12. Failure count.

Figure 13. Comparison of risk reduction across three scenarios, showing the effectiveness of targeted,
standard, and high-risk maintenance interventions.
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7.6. System-Level Decision Cycle Performance

Figure 14 presents the time distributions of key decision-making components. The
total decision cycle is consistently centered around ~130 units, indicating stable overall
performance. Communication time shows very low variability with a mean of ~22 units,
reflecting efficient data exchange. Model inference time remains stable around ~40 units,
while prescriptive computation time, averaging ~70 units, is the most time-intensive and
variable component.

Figure 14. Distributions of decision-cycle components; bars show frequency and curves show
estimated density.

8. Discussion
The empirical findings reveal that the suggested Unified Namespace-based predictive

and prescriptive maintenance system provides high data communication performance,
prediction accuracy, system integration, data fidelity in digital twins, and decision opti-
mization. The live performance indicators prove that UNS offers stable, high-throughput
communication with minimal jitters, whereas MQTT is always lower in latency than OPC
UA. The outcome of the predictive model in terms of accuracy (>94), error, and drift is low,
which means that the model will remain reliable in the long run without the need to be
retrained regularly.

Traditional IoT and point-to-point (P2P) architectures often suffer from tightly coupled
data flows, protocol heterogeneity, and limited scalability, leading to higher latency and
inconsistent data quality [30]. As shown in the manuscript, the P2P baseline exhibited
higher latency (~31 ms), greater packet loss (3.11%), and lower predictive accuracy (87.51%)
compared to the UNS-based approach (“UNS System. . . 94.20% accuracy, ~18 ms latency,
0.40% packet loss”). The UNS architecture differs fundamentally by providing a protocol-
agnostic, hierarchical namespace that decouples IT/OT layers, ensures consistent data
semantics, and supports real-time analytics and digital-twin feedback loops. This integra-
tion of predictive, prescriptive, and simulation-based validation is not typically available
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in conventional IoT platforms, highlighting the conceptual and operational novelty of the
proposed framework.

Digital-twin validation has shown that the behavior of the simulated systems is like
that of real sensor data, and there is almost ideal alignment of the simulated system behavior
in vibration, pressure, and temperature, which supports its utilization in both monitor-
ing and prediction applications [30]. Prescriptive maintenance assessments indicate that
optimization-based decisions always minimize operational risk and downtime in a broad
range of situations. The measures of controlled shutdown prevented all possible critical
failures (>4000 cases), and risk reduction analysis by scenarios demonstrates that even in
high-risk settings, prescriptive interventions have a significant impact on reducing risk.

The results are consistent with the available literature concerning Industry 4.0 data
structures, predictive maintenance, and digital twins. Previous literature indicates the short-
comings of P2P integration, including data silos, accumulation of latency, and poor-quality
data, that UNS-based architectures aim to overcome [31]. The findings also relate to prior
work confirming that harmonized hierarchical namespaces enhance the responsiveness of
a system and minimize the overhead of communication [32].

Moreover, deep learning and sensor fusion models have also proven to be successful
in the prediction of maintenance in the industrial environment, with a range of accuracy
between 85 and 93% in the predictive-maintenance literature. The higher-than-94% accuracy
in this study compares to most reported values, which may be because the data streams
were clean and consistent with UNS. The extremely low drift also reflects emerging evidence
that stable data structures remove concept drift by reducing noise and inconsistency in the
source data. Digital-twin accuracy in the previous literature generally records small but
significant differences between the actual and simulated sensor values [33]. Conversely, the
almost identical traces in this work (error < 0.05) imply greater fidelity. The prescriptive
maintenance element, comprising optimization-based decision-making and scenario-based
risk mitigation, is compatible with the current body of research prioritizing the importance
of linking predictive and prescriptive layers. Most studies state a partial or moderate
decrease in downtime, but this research has shown highly consistent improvements, such
as over 4000 avoided failures, exceeding conventional maintenance using thresholds or
rule-based decision logic.

The findings of this research have several implications both for research and practice
in industries. The robust performance of the UNS communication with the high level of
accuracy and predictability of the predictive models proves the idea that a harmonized
data architecture can significantly enhance the solidity of maintenance systems based on
analytics. Cloud Data flows keep data clean and consistent, thus improving the quality of
predictions and minimizing drift, which implies that architecture decisions directly impact
model robustness. In practice, a combination of a high-fidelity digital twin with prescrip-
tive optimization allows for proactive and risk-conscious decision-making, which can be
observed through the significant decrease in downtime and risk scores and the number
of possible breakdowns prevented [34]. These results suggest that the presented frame-
work can contribute to the improvement of operational safety, reliability, and maintenance
efficiency considerably.

Although the outcomes of this study are encouraging, the study has several limita-
tions. This testing was performed on a controlled test bench, and this might not be fully
representative of large-scale industrial conditions. The small sensor set and the analysis of
short-term simulated drift could limit generalizability and prescriptive maintenance cases,
and the optimization strategy was not based on actual operating data but on simulations.
Thus, it needs additional validation in the case of practical conditions. Likewise, large-
scale, multi-site deployments need to be employed to determine scalability and robustness.

https://doi.org/10.3390/jeta4010013

https://doi.org/10.3390/jeta4010013


J. Exp. Theor. Anal. 2026, 4, 13 19 of 21

Implementation of more sensor modalities, long-term drift research, and investigation of
more sophisticated prescriptive optimization methodologies would further optimize the
performance of the system.

9. Limitations
This study has some limitations. The test bench is not a full industrial system. It uses a

small setup that represents a real machine, but it does not include all the conditions found
in a factory. The sensors used in the study are limited. More sensor types can give more
detailed information. The study also only ran for a short period. A longer study could
show how the system behaves over months or years.

The UNS system works well in the test bench. But large factories may have more
devices and more data. The system must be tested in a larger environment to confirm its
performance. The digital twin also uses a simple model. A more advanced model may give
better results for complex machines.

The prescriptive module works with the digital twin. But it needs more real-world
testing. It must be checked with real operators and real maintenance teams. This will show
how well it supports human decisions.

These limitations do not reduce the value of the study. They show where future
work can improve the system. They also show how the system can grow into a full
industrial solution.

Although the UNS-based architecture shows strong performance in a controlled
test bench, generalization to large-scale industrial systems requires further validation.
Future work will evaluate scalability, multi-site UNS federation, and integration with more
complex ML models.

10. Conclusions
This study demonstrates that a Unified Namespace can function as an effective real-

time integration layer for predictive and prescriptive maintenance within a controlled
test-bench environment. By reducing communication latency and packet loss, improving
data consistency, and enabling higher predictive accuracy, the UNS-based architecture
provides a practical foundation for closed-loop maintenance intelligence. The integration of
a digital twin further enhances decision reliability by validating predictions and prescriptive
actions before they are applied to the physical system.

While the results are promising, they remain specific to the experimental setup used
in this work. The findings should therefore be interpreted within the scope of a single-
machine test bench rather than full-scale industrial deployments. Future research will
focus on evaluating scalability across multiple assets, strengthening cybersecurity mea-
sures, and validating the architecture in real industrial environments with more complex
operational conditions.
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