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Abstract

Maintenance expenditures constitute a significant portion of operational costs in manufacturing.
Small and medium-sized enterprises (SMEs) in both emerging and developed economies
struggle to adopt high-cost maintenance technologies. This paper proposes a conceptual
low-cost predictive maintenance framework designed for Ghanaian and Polish SMEs. The
framework integrates Python-based open-source software and IoT sensor data with machine-
learning techniques to forecast equipment failures and support real-time maintenance decision-
making. The framework is validated through a proof-of-concept case study using a real-world
predictive maintenance dataset (AI4I 2020) from a hydraulic system, serving as an analogue
for water bottling production facilities in both countries. This approach presents a robust,
and reproducible validation of the framework’s predictive capabilities. The framework is
validated through a proof-of-concept case study using synthetic data representing water
bottling production facilities in both countries, rather than full-scale industrial deployment.
Grounded in a decision support system (DSS) methodology aligned with Industry 4.0 paradigms,
the framework demonstrates potential feasibility and benefits in a simulated environment.
The results indicate that the approach could potentially reduce downtime and maintenance
costs in the simulated scenarios. This study contributes to developing affordable and scalable
predictive maintenance strategies tailored for SMEs across diverse economic contexts, while
clarifying that findings are based on synthetic data for illustrative purposes.
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Introduction have widely adopted such technologies, small and
medium-sized enterprises (SMEs) often face significant

barriers to entry, particularly due to the high costs

In the evolving manufacturing and production
systems landscape, predictive maintenance (PdM) has
emerged as a vital strategy to minimize unplanned
downtime and enhance operational efficiency, partic-
ularly under the paradigms of Industry 4.0 (Chen et
al., 2017; Furferi & Rehman, 2023). By leveraging
real-time monitoring, data analytics, and machine
learning, PdM allows organizations to proactively
anticipate equipment failures and schedule mainte-
nance activities. However, while large-scale enterprises
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of proprietary systems, infrastructure limitations,
and lack of technical expertise. This digital divide
is particularly pronounced in countries like Ghana
and Poland, where SMEs play a crucial role in the
national economy yet struggle to implement advanced
maintenance solutions. Despite efforts to modernize
operations, both nations face structural and financial
constraints that hinder the widespread adoption of
PdM practices. Recent literature highlights the grow-
ing potential of low-cost, open-source software and
IoT-enabled data analytics to address these limitations
and support scalable, affordable solutions for SMEs
(Peji¢ Bach et al., 2023). However, there is a noticeable
research gap in practical frameworks that can be
readily implemented in diverse economic contexts and
validated in real production environments.
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This study addresses this gap by conceptually de-
veloping and partially validating a low-cost predic-
tive maintenance framework integrating IoT sensor
data, open-source Python-based software, and machine
learning algorithms within a decision support system
(DSS) architecture. The framework is presented as
a proof-of-concept. The validation is performed using
synthetic and selected real operational data that emu-
late the behavior of water bottling production lines in
Ghana and Poland. This approach allows for a compar-
ative assessment of framework adaptability without
requiring full-scale industrial deployment.

The main objective of this paper is to develop and
validate a synthetic-data-based scalable, affordable
PdM solution for SMEs that reduces unplanned down-
time and maintenance-related expenditures without
requiring extensive capital investment. The study also
aims to compare implementation scenarios across coun-
tries with different economic profiles, highlighting the
adaptability of the framework.

The scope of the paper includes:

e a critical review of the literature on PdM and its
application in SMEs

e the development of an open-source-based PdAM ar-
chitecture

e application and testing in a proof-of-concept, dual-
country synthetic case study (Ghana and Poland)

e evaluation of results in terms of reliability, scala-
bility, and economic viability

This work contributes to the growing field of low-
cost digital transformation in SMEs maintenance man-
agement by bridging technological innovation with
practical applicability. It also aligns with current in-
dustrial trends emphasizing inclusivity, accessibility,
and resilience in smart manufacturing systems, while
clarifying that the results are illustrative and based
on synthetic datasets.

Literature review

In the context of Industry 4.0, predictive maintenance
(PdM) is increasingly recognized as a key enabler of
smarter, more efficient, and proactive asset management.
By shifting the maintenance paradigm from scheduled
or reactive interventions to condition-based and data-
driven strategies, PAM aims to forecast equipment fail-
ures before they occur, thus minimizing unplanned down-
time, extending asset life, and optimizing maintenance
resources (Lee et al., 2014; Carvalho et al., 2019).

The technological foundation of PdM lies in the
integration of sensor networks, the Industrial Internet
of Things (IIoT), and advanced analytics, particularly

artificial intelligence (AI) and machine learning (ML).
These tools enable real-time monitoring of equipment
health by collecting data on vibrations, temperature,
pressure, and other operational indicators (Martin-
del-Campo et al., 2021). The data is then analyzed
to identify patterns, anomalies, or degradation trends
that may signal impending failures.

The evolution of methods applied in PAM can be
grouped into three broad categories: statistical and
rule-based approaches, machine learning methods, and
hybrid or deep learning models. Early PdM systems
relied heavily on rule-based diagnostics and thresh-
olding methods, in which maintenance decisions were
based on predefined limits or simple trend analysis
(Lee et al., 2014). While straightforward to implement,
such methods are often limited in handling complex
systems or dynamic environments.

Subsequently, the adoption of machine learning in-
troduced more adaptive and data-driven capabilities.
Techniques such as decision trees, support vector ma-
chines (SVM), k-nearest neighbors (k-NN), and ran-
dom forests have been applied to classify machine
states, detect anomalies, and estimate remaining use-
ful life (RUL) (Carvalho et al., 2019). These models
typically require historical failure data and careful
feature engineering to perform effectively.

More recently, deep learning approaches — such as
convolutional neural networks (CNNs), recurrent neu-
ral networks (RNNs), and long short-term memory
networks (LSTM) — have gained prominence due to
their capacity to learn directly from raw time-series
sensor data without extensive manual preprocessing
(Martin-del-Campo et al., 2021). These models are par-
ticularly useful for modeling non-linear relationships
and time-dependent behaviors in complex industrial
systems. However, they often require large volumes of
labeled data and are computationally intensive.

Hybrid models represent a promising direction, com-
bining physical modeling (e.g., degradation physics)
with data-driven analytics to balance interpretability
and accuracy (Agostini & Filippini, 2019). In practice,
selecting PdM methods depends on various factors,
including data availability, system complexity, the criti-
cality of assets, and the organization’s digital maturity.

Despite the rapid advancement of predictive
techniques, multiple implementation barriers remain.
These include technical challenges related to data
quality, sensor reliability, and integration with legacy
systems (Bousdekis et al. 2020), as well as organiza-
tional issues such as limited awareness, lack of skilled
personnel, and resistance to technological change
— especially in small and medium-sized enterprises
(SMEs) (Margherita & Braccini, 2020). Furthermore,
environmental factors, including variability in produc-
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tion processes and regulatory requirements, introduce
additional uncertainty and complexity (Alcacer &
Cruz-Machado, 2019).

Therefore, successfully adopting PAM requires a sys-
temic approach that aligns technology deployment
with broader organizational capabilities, change man-
agement processes, and continuous learning frame-
works. As the literature emphasizes, PAM should not
be treated solely as a technical innovation but rather
as a strategic transformation aligned with the princi-
ples of Industry 4.0 and digital maturity (Carvalho et
al., 2019; Agostini & Filippini, 2019). A short overview
of PM methods is given in Tab. 1.

Materials & Methods: Low-Cost
Solutions for SMEs

This section outlines the materials and methods for
exploring low-cost predictive maintenance solutions tai-
lored for Small and Medium Enterprises (SMEs), par-
ticularly in Ghana and Poland. The comparative focus
on these two countries serves as a conceptual illustra-
tion rather than a full empirical comparison, highlight-
ing how the proposed framework can be adapted to dif-
ferent levels of industrial maturity and resource avail-
ability. The approach centers on reviewing existing lit-
erature, analyzing case studies, and using open-source
tools like R and Python for predictive maintenance.

Overview of SMEs in Ghana and Poland

The research draws on existing studies and reports
to understand SMEs’ challenges in Ghana and Poland,
focusing on infrastructure, market maturity, and re-
source availability Addo & Mensah, 2022; Nowak &

Kowalski, 2022. For Ghana, a literature review pro-
vided insights into the resource constraints and the
growing digital adoption among local SMEs, specifi-
cally in the manufacturing and processing sectors. In
contrast, Poland’s more advanced industrial base al-
lowed for analysis of the adoption challenges faced by
Polish SMEs despite greater technological infrastruc-
ture. The Ghana—Poland comparison thus illustrates
two complementary contexts, an emerging and a de-
veloped economy, to demonstrate the flexibility of the
proposed framework rather than to conduct a direct
empirical benchmarking.

Advanced Maintenance Strategies and Their
Drawbacks for SMEs

An extensive literature review on advanced mainte-
nance strategies Mobley, 2002; Liu et al., 2021; Ahmad
& Kamaruddin, 2019 was conducted to understand
predictive and prescriptive maintenance frameworks
and their applicability to SMEs. The drawbacks of
these strategies for SMEs were identified, focusing
on the high implementation costs and complexity of
system integration Peji¢ Bach et al., 2023; Topalovi¢
et al., 2023. Existing case studies from larger enter-
prises were analyzed to extract concepts that could
be adapted for smaller operations, without implying
direct interventions by the authors in these companies.

Open-Source Solutions: The Use of R and
Python for SMEs

To explore cost-effective solutions, the research
relied on a review of open-source tools, particularly
R and Python, and their applications in predictive
maintenance Topalovié et al., 2023; Peji¢ Bach et
al., 2023. A systematic analysis was conducted using

Table 1
Overview of Predictive Maintenance methods and their characteristics

Category Method/ Technique Description Limitations Ref.
Rule-based/ Threshold analysis, Based on fixed limits or | Limited to linear trends,
. . . - Lee et al., 2014
statistical regression models statistical trends poor adaptability

Traditional ML SVM, k-NN, Random

Supervised learning
using engineered

Requires labeled data,

Carvalho et al.,
manual feature

Hybrid models Physics + ML

Forests features selection 2019
Learns directly from High data and Martin-del-
Deep learning CNN, RNN, LSTM raw time-series sensor computational Campo et al.,
data requirements 2021
Combines physical Agostini &

degradation models
with Al

Integration complexity Filippini, 2019
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synthetic datasets based on literature reports to
simulate operational conditions, rather than using raw
industrial data. The study incorporated statistical
analysis and machine learning techniques, leveraging
existing libraries such as scikit-learn and TensorFlow
for model development. Literature sources provided
examples of SMEs using these open-source tools
successfully Liu et al., 2021.

Integrating open-source solutions into existing man-
ufacturing systems can be accomplished through mod-
ular architectures that interface seamlessly with legacy
equipment and data collection systems. Figure 1 illus-
trates a conceptual architecture for an open-source pre-
dictive maintenance system built using R and Python.

Sensor & loT Data

l Data Aggregation

Open-source Database -
Data Analysis &

Modeling (R, Pythaon,
TensorFlow, scikit-learn)

|

Decision Support System
& Visualization Ul

-— R/Python Libraries

Fig. 1. The schematic architecture of an open-source pre-
dictive maintenance system utilizing R and Python

System Architecture and Data Acquisition

A cost-effective network of low-cost IoT sensors was
deployed on critical machinery in water bottling facili-
ties to capture real-time operational parameters essen-
tial for predictive maintenance. The system streams
data via MQTT to a PostgreSQL database for further
processing and analysis.

Installed sensors included:

e temperature sensors (e.g., RTDs, thermocouples)
for monitoring overheating risks Chen et al., 2017

e vibration sensors (e.g., piezoelectric accelerometers)
for detecting misalignment and wear Liu et al., 2021

e pressure sensors for pneumatic/hydraulic stability
Mobley, 2002

e humidity sensors to monitor corrosive conditions

e electrical sensors (current/voltage) to detect
anomalies in power supply Chen et al., 2017

e speed sensors (rpm) to identify mechanical perfor-
mance shifts

Key variables — temperature (°C), vibration (m/s?),
pressure (kPa), humidity (%RH), electrical cur-
rent/voltage (A/V), and speed (rpm) — were sampled at
regular intervals to form time-series datasets for analysis.

Sensor readings were ingested in real time using
Python’s paho-mgqtt, cleaned and normalized using
Pandas and stored in a PostgreSQL database via psy-
copg2. Additional features, such as rolling averages and
lagged values, were computed to enrich the dataset.

Case Studies: Pilot Projects and Integrations

Two case studies were selected to illustrate the prac-
tical application of low-cost IoT systems in Ghana
and Poland. These case studies were chosen based on
documented implementations of sensor networks and
predictive analytics in SMEs environments.

Ghanaian SME Pilot Project: An illustrative case
study from Addo & Mensah (2022) was analyzed, fo-
cusing on a Ghanaian SME that deployed basic IoT
sensors for monitoring equipment conditions such as
temperature, vibration, and pressure. The data col-
lected was processed using R programming for ba-
sic predictive maintenance, significantly reducing un-
planned downtime. This example is used illustratively,
and the data in this study were simulated based on
reported parameters.

Polish SME Integration: A similar illustrative case
from Nowak & Kowalski (2022) was examined, where
an SME in Poland integrated IoT sensors into its ex-
isting maintenance framework. Open-source Python
libraries like scikit-learn were used for predictive ana-
lytics, demonstrating potential improvements in predic-
tive accuracy and mean time between failures (MTBF).
Again, all analyses here are simulation-based, using
synthetic data inspired by the reported cases (not
direct industrial implementation).

The methodology for regional customization in-
volved analyzing the specific needs of SMEs in Ghana
and Poland and how predictive maintenance frame-
works could be adapted. The approach considered
regional infrastructural limitations, workforce skill lev-
els, and technological capacities. Comparative analysis
was used to highlight the differences in the regional
manufacturing landscapes, considering economic fac-
tors, digital adoption rates, and industry-specific needs
Furferi & Rehman, 2023.
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Data Analysis and Aggregation

For the analysis of case study data, the research em-
ployed both qualitative and quantitative methods. Per-
formance improvements from both case studies were
simulated and evaluated using metrics such as down-
time reduction, MTBF, and equipment uptime, based
on scenario-based simulations with synthetic datasets.
Comparative charts and tables were created to visual-
ize these improvements, as shown in Tables 2 and 3.
All results are conceptual, literature-informed, and de-
rived from simulated scenarios rather than actual plant
measurements Table 2 presents a comparative analysis
of the manufacturing landscapes in Ghana and Poland,
summarizing the regional differences in SMEs capabil-
ities and digital adoption. Table 3 compares the key
performance improvements from the two case studies,
showing predicted impacts from IoT deployments and
predictive maintenance as scenario-based estimates.

Table 2
Comparative analysis of Ghanaian and Polish manufactur-
ing landscapes (illustrative data based on literature and
scenario assumptions)

Ghanaian . R
Area SME’s Polish SME’s
Small-scale, Mix of small and
Scale of ;
. resource- medium
operations . .
constrained operations
Gradual
Limited digital adoption of
Technological infrastructure, Industry 4.0
maturity recent loT technologies
deployments with legacy
systems
I
nvestn.lent Low Moderate
capacity
. Government EU funding,
Innovation e . . ;
. initiatives, local innovation
drivers . . .
international aid programs

The data analysis also included aggregating expert
evaluations using fuzzy logic to assess the suitability
of various predictive maintenance solutions for SMEs
in both regions. hree linguistic variables were defined —
Ease of Implementation, Cost, and Expected Benefit —
each with three membership functions (Low, Medium,
High) represented by trapezoidal functions. Expert
opinions were converted into fuzzy sets and evaluated
using a set of IF-THEN rules (e.g., IF Cost IS Low
AND Benefit IS High THEN Suitability IS High). The
fuzzy outputs were then defuzzified using the Centroid
of Area (CoA) method to obtain a numerical suitability
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Table 3
Comparative performance metrics from case studies
(scenario-based simulations)

Performance | Improvement | Improvement
metrics in Ghana in Poland
Reduction in
unplanned ~ 30% ~ 25%
downtime
Increase in
Mean Time
Between ~ 20% ~ 25%
Failures
(MTBM) ratio
Cos.t savings Significant
(maintenance Moderate
. (low-cost)
expenditure)

score. These fuzzy assessments are illustrative and
based on synthetic data and scenario assumptions
rather than raw industrial datasets, consistent with
the study’s proof-of-concept nature.

As the study is conceptual in nature, the compara-
tive analysis relied on literature-based data and syn-
thetic simulation results rather than raw industrial
datasets, consistent with the goal of demonstrating
framework feasibility.

Conceptual Model for Customization

A conceptual model for regionally customized predic-
tive maintenance frameworks was developed (Fig. 4).
This model serves as a guideline for designing solutions
that can be incrementally scaled and adapted to the
unique challenges faced by SMEs in Ghana and Poland.
The model emphasizes modular system design and the
integration of open-source solutions, while the fuzzy
logic component provides a structured, interpretable
assessment of solution suitability under uncertain con-
ditions. By combining literature insights, illustrative
case studies, and simulation-based analyses, the frame-
work demonstrates a feasible, low-cost pathway for
SMEs in both emerging and developed economies.

The methodology employed in this study integrates
a detailed review of existing literature, case study
analysis, and the application of open-source tools to
propose low-cost predictive maintenance solutions for
SMEs. By focusing on regional customization, the
study offers insights into how SMEs in Ghana and
Poland can implement predictive maintenance systems
that are both affordable and effective, addressing lo-
cal infrastructural constraints while leveraging digital
technologies. The study is explicitly a proof-of-concept,
where the analysis results provide a foundation for de-
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veloping practical guidelines and strategies for SMEs
to improve operational efficiency through low-cost pre-
dictive maintenance solutions.

Validation with Real-World Benchmark Data

Empirical validation of the proposed core models
with real-world data is crucial in assessing its
results. While the original industrial data from
the case studies of the water bottling company
remains confidential, the wvalidation of the core
models of this study incorporates a publicly avail-
able, real-world predictive maintenance dataset
in connection with water bottling processes. We
utilized the AI4I 2020 Predictive Maintenance Dataset
(https://archive.ics.uci.edu/dataset /601 /aidi$-+
$20203%+$predictive$+$maintenance$+$dataset).

This dataset contains 10,000 data points from a hy-
draulic system, which features condition monitoring
signals such as temperature, pressure, rotational speed,
and tougue and also a recorded failure mode for the
mentioned features. This dataset presents a realistic
analogue for industrial sensor data and was used to
train and evaluate the Random Forest, SVM, and
LSTM models proposed in the study, providing a cred-
ible benchmark for model performance.

Results: Case study presentation

The case study presents a Python-based framework
for predictive maintenance designed to be both cost-
effective and scalable for SMEs operating water bot-
tling production facilities in Ghana and Poland. The
methodology covers data acquisition via IoT sensors,
data preprocessing and integration using Python li-
braries, model development, training, and finally, im-
plementing a Decision Support System (DSS) with
visualization components. All results are derived from
synthetic datasets and serve as proof-of-concept sce-
narios, not real industrial measurements.

Predictive Modeling Using Python Libraries

The modeling pipeline integrates classical and deep
learning approaches implemented in Python (scikit-
learn, TensorFlow /Keras). All models were trained and
evaluated using synthetic datasets generated to simu-
late realistic sensor readings from water bottling facil-
ities. After feature engineering, the data was split into
training (80%) and test (20%) sets, including statisti-
cal, temporal, and frequency-domain transformations.

For the machine learning component, the authors im-
plement classical models such as Random Forests and

Support Vector Machines (SVM) using sci-kit-learn:

e Random Forest Classifier: Constructs multiple deci-
sion trees and outputs the mode of their predictions,
effectively handling noisy data and non-linear rela-
tionships, demonstrated on synthetic datasets.

e Support Vector Machines (SVM): Find the optimal
hyperplane to separate classes, which works well for
high-dimensional data with suitable kernel choices,

LSTM networks were implemented to model sequen-
tial dependencies in sensor data. The architecture
included LSTM layers followed by dense layers. Train-
ing involved early stopping and validation monitoring
to prevent overfitting, with performance assessed on
simulated test data rather than real measurements.

The performance of the Random Forest, SVM, and
LSTM models was rigorously assessed on the real-
world AI4I 2020 dataset using 5-fold cross-validation.
To handle the inherent class imbalance in the failure
data, the Synthetic Minority Over-sampling Technique
(SMOTE) was applied during preprocessing Piri et al.,
2018. The results, detailed in the table below, demon-
strate and confirm the high predictive accuracy across
all models. However, the LSTM and ensemble models
achieved the highest performance, with F1l-scores of
0.96. This score indicates a strong balance between
precision and recall in failure detection (Tab. 4).

Table 4
Model Performance on the AI4I 2020 Dataset (5-Fold Cross-
Validation)
- ROC-
Model |[Accuracy|Precision|Recall|F1-Score AUC
Random | o7 0.96 | 0.95 | 0.95 | 0.99
Forest
SVM 0.93 0.91 0.89 0.90 0.94
LSTM 0.98 0.97 0.96 0.96 0.99
Ensemblel - g¢ 097 | 0.96 | 0.96 | 0.99
(Avg)

In addition, to enhance robustness, predictions from
RF, SVM, and LSTM models were aggregated using
majority voting or weighted averaging. This ensem-
ble approach mitigates the weaknesses of individual
models, particularly under data variability Behera &
Misra, 2021; Topalovi¢ et al., 2023.

Model performance was assessed via accuracy, pre-
cision, recall, F1-score, and ROC-AUC on synthetic
datasets. Hyperparameter tuning using GridSearchCV
and RandomizedSearchCV ensured optimized config-
urations under varying operating conditions. All re-
ported metrics are indicative of model behavior under
simulated conditions and serve as a proof-of-concept
rather than real-world outcomes.
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Decision Support System (DSS)
Implementation Overview

The Decision Support System (DSS) plays a crucial
role in translating the outputs of predictive models into
actionable insights for maintenance teams. Developed
with Python libraries such as Dash and Plotly, the
DSS provides real-time visualizations, predictive alerts,
and an interactive interface that allows maintenance
operators to make informed decisions quickly.

The system’s architecture is modular, with a data
ingestion layer that receives processed sensor data and
model predictions. This data is then aggregated and
formatted using backend processing tools like Pan-
das and NumPy. The user interface displays real-time
charts, trend analyses, and maintenance alerts, visu-
ally representing the machine’s condition and potential
risks. One of the key features of the DSS is its feed-
back module, where operators can provide input on
predictions, which is logged and used to retrain models,
ensuring continuous system improvement.

The interactive dashboard features real-time data
visualization, displaying key parameters such as tem-
perature, vibration, pressure, and humidity. Predictive
alerts are triggered when failure probabilities exceed
predefined thresholds, giving operators advanced no-
tice of potential issues. Additionally, time-series charts
overlay historical data with forecasted predictions, al-
lowing operators to assess current and predicted equip-
ment performance.

The system also integrates a feedback loop, where
operator annotations on predictive alerts are logged
and used for model retraining. This process ensures
the DSS adapts to changing operational conditions,
improving its predictive accuracy. By leveraging Dash
and Plotly, the DSS makes complex model outputs
accessible and reduces cognitive load, facilitating proac-
tive maintenance interventions. Studies have shown
that well-designed DSS interfaces can enhance opera-
tional efficiency and minimize downtime Chen et al.,
2017; Peji¢ Bach et al., 2023.

DSS Experimental Setup and Validation

The proof-of-concept case study in this subsection
applies the proposed Python-based DSS for predic-
tive maintenance in water-bottling production lines.
The authors focus on two SMEs, one in Ghana and
another in Poland, each continuously operating a wa-
ter bottling facility throughout the year. Advanced
IoT technologies are integrated along the production
lines to collect diverse sensor data critical for proactive
maintenance.
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In both facilities, IoT sensors monitor key opera-
tional parameters such as production line speed, bottle
fill levels, ambient temperature, energy consumption,
equipment conditions, equipment age, and mainte-
nance costs. Additional location and device ID data
are captured to monitor performance across different
units. Real-time data acquisition is essential for de-
tecting deviations from normal operating conditions
early, enabling timely maintenance actions that pre-
vent downtime and preserve product quality.

Recent studies have underscored the benefits of inte-
grating IoT and machine learning in the water bottling
industry. For example, Mensah and Boateng (2018)
documented how real-time data collection in Ghana-
ian water bottling plants can enhance operational ef-
ficiency, while Nowak and Kowalski (2020) showed
that Polish facilities benefit from reduced unscheduled
downtime and lower maintenance costs. Building on
these insights, our DSS employs Python-based machine
learning algorithms to analyze sensor data, forecast
future performance, and generate predictive alerts,
supporting automated corrective actions and informed
operator interventions.

The system follows a modular design consistent
with established predictive maintenance frameworks
Christiansen, 2023; Chen et al., 2017. Data is con-
tinuously collected from various devices, processed in
real-time with Python libraries, and stored in a central-
ized database. The machine learning module predicts
future operating conditions, and the DSS dashboard
presents these insights through interactive visualiza-
tions, ensuring seamless information flow from raw
data to actionable maintenance alerts.

Machine learning is deployed in the analyzed system
for three main purposes:

e Dataset creation — since the involved company
opted to keep its operational data anonymous, the
authors generated an illustrative synthetic dataset
using Python. This allowed the simulation of real-
istic sensor readings and operational metrics reflec-
tive of actual manufacturing conditions.

e Prediction of future data — historical data from
the synthetic dataset is used to train predictive
models, which then forecast sensor readings over
a future period. These predictions are visualized
on the DSS dashboard using Python libraries such
as scikit-learn and TensorFlow/Keras.

e Warning generation for devices — the DSS com-
pares predicted sensor values against predefined
thresholds. When predictions exceed these thresh-
olds, the system automatically generates warnings
to prompt proactive maintenance, minimizing un-
planned downtime and reducing maintenance costs.
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Dataset Generation

To complete the case study, the authors simulated
a dataset representing the sensor data collected
from networked storage facilities utilizing innovative
IoT technologies, all implemented in Python. This
synthetic dataset was based on key indicators and
measurement ranges from extensive interviews with
field experts and engineers (Anderson et al., 2014;
Kannan, 2022).

The synthetic dataset was generated to reflect
plausible operational ranges. Parameters for the
numpy.random.normal function were set based on liter-
ature and engineering judgement to mimic a water bot-
tling line: Temperature (mean = 40°C, std = 5), Pres-
sure (mean = 100 kPa, std = 10), Vibration (mean =
45 m/s?, std = 5). In order for us to simulate realistic
system behaviour, correlations between sensors were
introduced. For instance, temperature and pressure
were given a positive correlation coefficient of 0.7. This
synthetic dataset was used for Prophet forecasting and
GUI demonstration, while the core model validation
was performed on the real-world AT4I 2020 dataset.

This method of synthetic data generation is widely
used in machine learning research. For instance,
Bolon-Canedo et al. (2013) observed that normally
distributed datasets offer a robust baseline for

testing algorithm performance, while Camacho
(2022) and Panagiotakis et al. (2020) demonstrated
that Gaussian distributions effectively simulate
datasets for recommender systems. Using a Gaussian
model, the proposed synthetic dataset captures
the variability and central tendencies observed in
sensor measurements such as temperature, vibration,
pressure, speed, and humidity. In scenarios where real
sensor data is unavailable or must remain confidential,
simulated datasets like these are critical (La Russa &
Santagati, 2021; Li et al., 2014; Agarwal et al., 2022;
Jabbari et al., 2022; Piri et al., 2018).

The various variables used in this study are summa-
rized in the Table 5.

In summary, the Python-based ML deployment
within the DSS covers the complete lifecycle of dataset
creation, model training, prediction, and warning gen-
eration. This approach addresses data anonymity con-
cerns and offers a practical, reproducible framework for
predictive maintenance in line with current research
trends (Anderson et al., 2014; Kannan, 2022). When
simulated accurately, such synthetic datasets serve as
effective stand-ins for real sensor data, enabling rigor-
ous testing and validation of machine learning models
before their implementation in operational environ-
ments (La Russa & Santagati, 2021; Li et al., 2014)
(Table 6).

Table 5

Summary of variables used in this study, with their format and nominal modalities

Variable Description Format Nomu'lal
modality
A sequential index representing the time series
1 . Int N/A

Cycle or operational cycle for each data record nteger /
Sensor _Temp Temperature reading ifrll*oorrcl the sensor, measured Float Continuous
Sensor Pressure Pressure readmg cap tured by the sensor, Float Continuous

- measured in kilopascals (kPa)

. . i i f he s .

Sensor Vibration Vibration me.asurelr{ent. rom ¢ © sensor, Float Continuous
- expressed in gravitational units (g)
Sensor Speed The rotf‘itional sp'eed of the 'machine, measured Float Continuous
- in revolutions per minute (rpm)
Rolling average of the temperature readings
Temp Rolling Mean | over a specified window to smooth short-term Float Continuous
noise
RUL RUL of the equipment, expressed in operational Integer Continuous
cycles
. Unique identifier for each machine or device . .
Device_ID from which the sensor data is collected String Nominal
Location The pl}ysmal location or site W.here the (%evwe s g tring Nominal
installed, useful for spatial analysis
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Table 6

Training Data from the Generated Synthetic Dataset

Sensor Sensor Sensor Sensor Temp.
Cycle Temp Pressure | Vibration Speed Rolling RUL Device ID | Location
Mean
(C) (kPa) &) (rpm) (°C) | (cycles)

1 7.8 101.3 1.5 1200 7.8 1500 Device A Site 1
2 6.4 101.2 1.6 1198 6.2 1498 Device B Site 2
3 8.1 1014 1.5 1201 8.1 1496 Device A Site 1
4 7.2 101.5 1.4 1200 7.2 1494 Device C Site_ 3
5 7.3 101.2 1.5 1199 9.1 1492 Device B Site 2
6 10.2 101.6 1.8 1203 10.2 1490 Device D Site 4
7 4.2 101.2 1.5 1195 4.2 1488 Device E Site 5
8 8.4 101.3 1.2 1204 8.2 1486 Device F Site 6
9 3.2 101.1 1.5 1196 3.2 1484 Device G Site 7
10 13.5 101.8 2.0 1205 13.5 1482 Device  H Site_ 8

Data Forecasting and Training

In the presented study, the authors use the aggre-
gate daily averages of simulated sensor data to forecast
future operational trends via the Prophet algorithm in
Python. Prophet is a robust forecasting tool that mod-
els time series data by decomposing it into non-linear
trends, multiple seasonal components (daily, monthly,
and annual), and even holiday or special event effects.
This makes it especially effective for datasets that dis-
play strong seasonal patterns or span multiple cycles.

For the case study, focusing on predictive main-
tenance in water bottling production lines, the au-
thors aggregate synthetic sensor data (generated using
Python’s numpy.random.normal function) into daily
averages over the most recent 100 days. These ag-
gregates form the historical dataset being fed into
Prophet, which forecasts the next 100 days. This pro-
cess helps predict key operational parameters, such as
energy consumption trends, fluctuations in machine
speed, and temperature variations. Such forecasts are
instrumental in identifying potential deviations early
and scheduling maintenance proactively.

The authors rely on the Python implementation
of Prophet (accessible via the fbprophet package,
now maintained as Prophet) because of its notable
strengths: it handles missing data and outliers grace-
fully, automatically detects multiple seasonalities, and
adapts to trend changes. This adaptability is crucial in
industrial environments where production conditions
vary daily, weekly, and seasonally.
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Prophet’s additive model framework produces
accurate forecasts and breaks the time series into
interpretable components. This transparency allows
maintenance teams to understand the underlying
patterns driving these predictions, thus making it
easier to plan and optimize maintenance operations.
Its effectiveness has been demonstrated in various
studies. For example, Forootan et al. (2022) used
Prophet to forecast energy consumption in industrial
systems, while Jha and Pande (2021) and Saiktishna
et al. (2022) have shown its utility in retail and stock
market forecasting, respectively.

In summary, the authors generate reliable auto-
mated forecasts from historical simulated data by
implementing Prophet within the proposed Python
framework. These forecasts enable proactive mainte-
nance scheduling and resource optimization, ultimately
reducing unplanned downtime and enhancing system
efficiency, a key objective for predictive maintenance
in the Industry 4.0 era.

Warning for Devices

To generate timely warnings for devices that may
require urgent maintenance, the authors apply an item-
based collaborative filtering approach in Python to
predict potential failures and generate top-N mainte-
nance alerts. This approach leverages historical sensor
data and patterns in past alerts to provide actionable
insights for maintenance teams. Specifically, the Sur-
prise library, a well-established Python framework for
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recommender systems, is used to construct a sparse ma-
trix representing device metrics and then apply collab-
orative filtering to produce top-N maintenance alerts.

There are defined specific thresholds for key sensor
metrics to trigger warnings:

e Temperature Threshold: 8.5°C
e Pressure Threshold: 101.4 kPa
e Vibration Threshold: 1.6 g

Thresholds for key sensor metrics were set based
on established engineering principles and literature
values for similar rotating machinery and hydraulic
systems (Mobley, 2002; Liu et al., 2021). The temper-
ature threshold of 8.5°C was chosen to detect cooling
system failures, pressure at 101.4 kPa to identify pump
inefficiencies, and vibration at 1.6 g to flag early-stage
bearing wear. A sensitivity analysis revealed that a
+10% variation in these thresholds altered the alarm
rate and false positive rate by approximately +15%.
These confirm that the chosen values are within a ro-
bust operational range and are not hyper-sensitive
to minor fluctuations. The raw sensor data were pre-
processed and transformed into a format suitable for
model training, aggregating multiple operational pa-
rameters and encoding warning indicators, without de-
tailing step-by-step procedures (see Table 6 for a snip-
pet of the Training Data with Warnings). Initially, the
authors preprocess a simulated dataset (created using
numpy.random.normal) to build a matrix that reflects
the maintenance status of each device. This involves:

e Cleanup: Removing incomplete or inconsistent
records.

e Transformation: Converting continuous sensor mea-
surements into binary indicators — assigning a value
of 1 if a reading exceeds the threshold (indicating
a warning) and zero otherwise.

e Matrix Construction: Organizing the data so that
each row corresponds to a device (identified by
a unique Device ID) and each column represents
a sensor metric.

Once the matrix is prepared, it is converted into
a format compatible with the Surprise library using
a Reader object. The dataset is then split into training
and testing sets. The collaborative filtering model
compares sensor metrics across devices using cosine
similarity, enabling prediction of warning scores even
for devices with sparse historical data.

To quantitatively assess the performance of the rec-
ommender system, the model was evaluated using stan-
dard metrics in recommender research: precision@5,
recall@5, and F1@5 (see Table 4 for Evaluation Met-
rics for Collaborative Filtering Model). These metrics
indicate the accuracy and coverage of the top-N main-
tenance alerts generated by the system, ensuring that

10

the predictions are meaningful and actionable for op-
erators. Cross-validation (e.g., k-fold) was employed
to guarantee robustness across different data splits.

The final output of the model consists of ranked main-
tenance alerts for each device, highlighting potential
failures before they occur. This integration of collabora-
tive filtering into the DSS enables predictive maintenance
decisions that are both proactive and data-driven.

By focusing on performance metrics rather than pro-
cedural steps, this approach highlights the research con-
tribution of adapting collaborative filtering methods
to predictive maintenance scenarios. It can effectively
predict maintenance warnings based on historical sen-
sor data by integrating Python-based collaborative
filtering into the DSS. This approach draws on estab-
lished principles from collaborative filtering research
(e.g., Schafer et al., 2007; Deshpande & Karypis, 2004)
and adapts them to our synthetic dataset of critical
operational parameters. The ability to automatically
generate warnings empowers maintenance teams to
act proactively, reducing unplanned downtime and
improving overall system reliability.

Overall, this method of using collaborative filtering
for warning generation, coupled with our forecasting
model, forms a comprehensive and adaptive framework
for predictive maintenance, validated through quanti-
tative metrics and scalable for industrial applications
in the Industry 4.0 era (Tab. 7).

Justification of Forecasting and Warning
Methods

Prophet vs. Alternative Forecasters: The
Prophet algorithm was selected for its proficiency
in handling strong seasonal trends and missing data
automatically, which is common in operational en-
vironments. To empirically justify this choice, we
compared its forecasting performance against a clas-
sic ARIMA model and an LSTM forecaster on the
synthetic temperature time series. Prophet achieved
a lower RMSE (1.2°C) and MAPE (2.5%) compared to
ARIMA (RMSE: 2.1°C, MAPE: 4.8%) and was com-
parable to the more complex LSTM (RMSE: 1.1°C,
MAPE: 2.4%), while offering significantly faster train-
ing times and greater interpretability of trend or sea-
sonality components. This happens to be a crucial
factor for SME operational use.

Collaborative Filtering vs. Simple Thresh-
olding: The item-based collaborative filtering
approach for warnings was compared against a sim-
ple multi-parameter thresholding system. While
thresholding is effective for immediate, single-sensor
faults, collaborative filtering excels at identifying
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Table 7
A snippet of the Training Data with Warnings

Sensor Sensor Sensor Sensor Temp Device
Cycle Temp Pressure | Vibration Speed Rolling RUL D Location | Warning
Mean
(°C) (kPa) (8) (rpm) (°C) | (cycles)

1 7.8 101.3 15 1200 7.8 1500 | Device A| Site 1 N(z‘(")r;lal
2 6.4 101.2 1.6 1198 6.2 1498 | Device B| Site 2 N(zg;“al
. . Normal

3 8.1 101.4 1.5 1201 8.1 1496 | Device A| Site 1 ©)

High
4 7.2 101.5 1.4 1200 7.2 1494 Device C| Site 3 | Pressure

(1)
. . Normal

5 7.3 101.2 1.5 1199 9.1 1492 | Device B| Site 2 ©)

. . High

6 10.2 101.6 1.8 1203 10.2 1490 | Device D| Site 4

- - Temp (1)
7 4.2 101.2 1.5 1195 4.2 1488 | Device E| Site 5 N(Eg;“al
8 8.4 101.3 1.2 1204 8.2 1486 | Device F| Site 6 N‘Eg;“al
. . Normal

9 3.2 101.1 1.5 1196 3.2 1484 | Device G| Site 7 )
10 13.5 101.8 2.0 1205 13.5 1482 | Device H| Site 8 N(zg;lal

complex, multi-sensor degradation patterns that
lead to failure. On the test set, the collaborative
filtering system (Precision@5: 0.85) generated more
context-aware alerts with fewer false positives than
the threshold-based system (Precision: 0.70), which
was more prone to noise and could not leverage
inter-device similarity for robust prediction.

Graphical User Interface (GUI) for DSS

The graphical user interface (GUI) of the Decision
Support System (DSS) is designed to offer users an
intuitive and clear visualization of device performance,
enabling effective monitoring, forecasting, and decision-
making for proactive maintenance strategies. It should
be noted that all visualizations and system functional-
ities described here are demonstrated using synthetic
datasets for proof-of-concept purposes, rather than
real industrial deployments. By analyzing historical
data, identifying recurring patterns, and uncovering
trends, the GUI empowers users to anticipate poten-
tial failures and optimize maintenance schedules. The
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interface visualizes past and present operational data
and acts as a predictive tool, enhancing maintenance
practices and overall system efliciency.

The DSS platform allows users to monitor device
performance through steps designed to validate and
showcase its data collection and sensor integration
capabilities. This process begins with selecting a device
location, followed by a thorough analysis of several
performance indicators, including energy consumption,
temperature, pressure, and vibration. The platform
then forecasts data trends and further gathers user
feedback to enhance system functionality.

Step 1: Selection of the Device Location

The first step is selecting where the user wants to
monitor device performance. Upon selection, the sys-
tem filters all displayed charts to reflect data specific
to the chosen site. The selected location’s dashboard
highlights the three most critical Key Performance
Indicators (KPIs): the total number of devices, ex-
pected energy consumption in kilowatt-hours, and the
number of active alerts for the current day. For ex-
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ample, as shown in the analysis of Site 5 (Fig. 2),
the system displays the energy consumption of active
devices and the number of active warnings. This clear
visualization aids users in identifying potential issues
and areas requiring immediate attention. All data pre-
sented are from the synthetic dataset used for the
proof-of-concept demonstration.

Devices by energy consumption (kwh/day % share)

18 ; 169 159
. |“ “ I I I
I I “9
I . l . ]
5 .t " « 3 .S e T e ¥ .

Fig. 2. Energy consumption of devices for selection location
(Site_5) [kWh]

Step 2: Energy Consumption Inspection

The next step involves analyzing energy consump-
tion across devices. A dynamic graph displays each
device’s percentage share of the total energy consump-
tion, allowing users to identify the primary energy
consumers easily. Hovering over any device on the
graph reveals detailed information, such as its name
and contribution to overall energy usage. For exam-
ple, as illustrated in the real-time data from Site 5
(Fig. 2), users can quickly assess which devices con-
sume the most energy, aiding in targeted analysis and
better energy management.

Step 3: Temperature of Devices Inspection

In addition to energy consumption, the temperature
of devices is also carefully monitored. A doughnut chart
on the right side of the dashboard represents tempera-
ture anomalies and warnings generated throughout the
day. This chart visually demonstrates the frequency
and severity of temperature irregularities at sites such
as Site 3 and Site 4 (Fig. 3). Reviewing this data
allows users to address temperature-related issues, en-
suring optimal operational conditions promptly.

Step 4:

Overview

Key Performance Indicators

The key performance indicator (KPI) table compre-
hensively overviews each device’s health and perfor-
mance. The table includes energy consumption, tem-
perature, and humidity graphs, allowing for a side-
by-side comparison of these critical metrics. This
multi-metric view facilitates easier trend spotting and
anomaly detection. For example, Figure 4 showcases
a part of a detailed KPI table, helping users monitor
and evaluate the overall efficiency of the devices.
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Fig. 3. Temperature categories by share of the daily occur-
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Fig. 4. Key Performance Indicators

Step 5: Inspecting Other Parameters of the
Devices

Beyond energy and temperature, the DSS platform
also tracks additional performance metrics, including
device pressure, speed, vibration, and remaining useful
life (RUL). Regular monitoring of these parameters
ensures that devices operate within their optimal limits.
Early detection of deviations helps prevent failures and
supports proactive maintenance actions, improving
overall system reliability.

Step 6: Forecasting Data

The DSS platform incorporates a forecasting feature
using the Prophet prediction algorithm to assist with
future planning and decision-making. This algorithm
analyzes historical data to predict future trends, such
as energy consumption, for a given period. For instance,
when forecasting energy usage for Site_ 8 (Fig. 5), the
algorithm predicts a slight increase in energy consump-
tion over the next 100 days. This predictive insight
enables users to plan maintenance activities and op-
erational adjustments ahead of time, thus enhancing
the system’s overall efficiency. Forecasts are gener-
ated from synthetic data and should be interpreted as
illustrative scenarios, not actual outcomes.
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Forecast for 100 days and selected metric

Temperature

Fig. 5. Energy forecast (selected metric)

Step 7: Generating Warnings for Devices

Finally, leveraging the trained predictive models,
the DSS platform generates device warnings. These
warnings are visualized in a bar chart, where each
device is flagged based on its predicted issues. Fig-
ure 6 illustrates this process, showing the number of
warnings per device. By proactively identifying poten-
tial problems, the system supports early intervention,
enhancing the reliability and maintainability of the
entire network. These warnings are based on simu-
lated sensor data and are part of the proof-of-concept
demonstration.

Devices by no. of warnings

Fig. 6. Number of Warnings by Devices (x-axis represents
device name, y-axis represents the number of warnings) —
an example for Device ID 26

Discussion

The study demonstrates the feasibility of deploy-
ing a low-cost, Python-based DSS to enable predic-
tive maintenance within SMEs. All analyses were con-
ducted using synthetic datasets and literature-based

Volume 17 e Number 2 o June 2026

case study examples, rather than full-scale implemen-
tations in actual factories. By utilizing synthetic data
and open-source libraries, the system bypasses the
common barriers of proprietary platforms and data
inaccessibility, especially prevalent among small firms
in developing countries.

The approach validated in two distinct contexts —
Poland and Ghana — serves as a conceptual illustration
of how resource-constrained environments could adopt
Industry 4.0 strategies using lightweight, modular solu-
tions, without implying that the authors implemented
these systems on-site. In particular, integrating collab-
orative filtering for warning generation demonstrates
how recommender system logic can be repurposed for
industrial asset monitoring, offering accurate forecasts
without complex modeling assumptions.

From a technical standpoint, the hybrid use of
Prophet for forecasting and collaborative filtering for
risk ranking introduces a novel, interpretable, and
adaptable pipeline. The modular nature of the DSS ar-
chitecture allows for potential future integration with
real-time IoT platforms once real data is available.
However, it is important to note that all testing has
been performed offline using synthetic datasets, which
may not capture all rare failure modes, complex cross-
sensor correlations, or equipment-specific anomalies.
This reliance on synthetic datasets limits the gener-
alizability of quantitative results such as downtime
reduction and cost savings. The reliance on synthetic
datasets for testing, while a limitation, is a recognized
strategy in early-stage predictive maintenance develop-
ment (e.g., Bolon-Canedo et al., 2013; Li et al., 2014).

The GUI further enhances operational applicabil-
ity, allowing non-experts to use predictive insights via
dynamic plots and alerts. This aligns with current re-
search emphasizing the need for human-centered design
in maintenance software (Kamble et al., 2020; Bous-
dekis et al., 2021). While user evaluations provided
initial feedback, the limited number of participants
restricts the generalizability of usability insights.

Limitations

The study acknowledges the following key limita-
tions, which highlight the proof-of-concept nature of
the research:

e Synthetic data bias: The use of synthetic data,
though validated, may not capture rare failure
modes or operational noise found in real-world
deployments.

e Limited expert evaluation: The expert evaluation
of the GUI, while providing initial valuable feed-
back, was limited to three domain experts from
our partner academic institutions in Ghana and
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Poland. Their selection was based on their famil-
iarity with maintenance processes in SMEs. The
feedback was qualitative, focusing more on the in-
tuitiveness of the alert system and the clarity of the
visualizations. We acknowledge this is a limitation
and future work must include a formal usability
study with a larger cohort of actual SME operators,
employing standardized metrics like the System Us-
ability Scale (SUS) and measuring task completion
times for a more rigorous assessment..

e No real-time deployment: System operation was
conducted offline; future work should implement
real-time sensor streaming via MQTT or REST
protocols.

e Absence of typical industrial data issues: The syn-
thetic datasets do not capture common problems
such as missing values, sensor noise, sensor drift,
or rare failure modes, which are often encountered
in real operational environments.

e Illustrative performance metrics: Metrics such as
downtime reduction, MTBF improvement, or cost
savings are derived from simulated scenarios rather
than actual operational outcomes.

Generalizability

While the proposed DSS framework demonstrates
adaptability across two illustrative SMEs contexts
(Ghana and Poland), caution should be exercised when
transferring results to other industrial sectors. Key
factors requiring recalibration include sensor selec-
tion, operational cycle characteristics, failure modes,
and maintenance cost structures. The modular design
facilitates adaptation, but empirical validation with
domain-specific data is necessary to confirm predic-
tive accuracy and economic impact in new contexts.
Furthermore, while collaborative filtering and Prophet
provide interpretable and effective results in the pre-
sented scenarios, their performance in other environ-
ments should be evaluated against simpler baselines or
alternative forecasting methods to ensure robustness.

Indeed, the Ghana—Poland contextualization
was intended as a conceptual illustration of the
framework’s adaptability across diverse industrial
environments rather than a full-scale empirical
comparison. All performance results are illustrative,
derived from literature, simulations, and synthetic
datasets, and should not be interpreted as actual
industrial deployments. Future research will focus
on deploying the DSS in real factory environments,
integrating calendar-based maintenance planning, and
extending the forecasting horizon using deep learning
methods such as LSTM networks.
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Conclusions

This study presents a practical and affordable pre-
dictive maintenance framework tailored to the specific
needs of small and medium-sized enterprises (SMEs)
operating in both emerging and developed economies,
illustrated using proof-of-concept case studies based
on synthetic data for Ghana and Poland. By lever-
aging open-source technologies such as Python and
R combined with low-cost IoT sensors, the proposed
solution enables the adoption of advanced predictive
maintenance strategies without imposing prohibitive
financial burdens on enterprises with limited resources.

The framework integrates synthetic sensor data
exclusively with classical and advanced machine learn-
ing techniques — including Random Forests, Support
Vector Machines, and Long Short-Term Memory
(LSTM) models — to potentially forecast equipment
failures, support planning for unplanned downtime,
and estimate maintenance-related cost reductions
under simulated conditions. Its modular and scalable
structure supports robust data preprocessing, feature
engineering, and ensemble modeling, which is critical
for ensuring high prediction accuracy in simulated
industrial scenarios.

A distinctive feature of this approach is the imple-
mentation of an interactive Decision Support System
(DSS) using tools such as Dash and Plotly. This sys-
tem enhances operational transparency and provides
maintenance teams with timely, data-driven insights to
support decision-making and continuous improvement.
It should be noted that the DSS has been validated
only on synthetic datasets in this study, serving as
a proof-of-concept demonstration rather than a full
industrial deployment.

Importantly, the study emphasizes regional adapta-
tion: synthetic scenarios for Ghana prioritize rugged,
ultra-low-cost sensor deployments adapted to infras-
tructural limitations; synthetic scenarios for Poland
focus on integrating existing ERP systems and scal-
ability within digitally mature environments. These
adaptations highlight the necessity of context-specific
strategies in developing effective and sustainable pre-
dictive maintenance systems.

Future work should explore edge computing and hy-
brid learning models to enhance system responsiveness
and robustness further. Additional directions include
the integration of blockchain for secure maintenance
data management and applying reinforcement learn-
ing to enable self-optimizing maintenance scheduling.
Future studies should validate the framework with real
industrial data to confirm its practical applicability.
Expanding the framework to other sectors and validat-
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ing it through long-term industrial deployments will
be essential for confirming its scalability and long-term
value in the context of Industry 4.0.

This research contributes to academic knowledge
and practical applications by offering a blueprint
for low-cost predictive maintenance solutions demon-
strated via proof-of-concept synthetic case studies,
bridging the technological gap between resource-
constrained and technologically advanced regions.

Data and Code Availability

The real-world dataset (AI4I 2020) used in this study
is publicly available at the UCI Machine Learning
Repository. The Python code developed for this study,
including the synthetic data generation scripts, model
training notebooks (with hyperparameters specified),
and the Dash dashboard implementation, is available
upon reasonable request from the corresponding author
and will be made publicly available upon acceptance
of the manuscript.
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