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Abstract: The industrial sector has undergone significant digital transformation, driven
by advancements in technology and the Internet of Things (IoT). These developments
have facilitated the collection of vast quantities of data, which, in turn, pose significant
challenges for real-time data processing. This study seeks to validate the efficacy and
accuracy of edge computing models designed to represent subprocesses within industrial
environments and to compare their performance with that of traditional cloud computing
models. By processing data locally at the point of collection, edge computing models
provide substantial benefits in minimizing latency and enhancing processing efficiency,
which are crucial for real-time decision-making in industrial operations. This research
demonstrates that models derived from distinct subprocesses yield superior accuracy
compared to comprehensive models encompassing multiple subprocesses. The findings
indicate that an increase in data volume does not necessarily translate to improved model
performance, particularly in datasets that capture data from production processes, as
combining independent process data can introduce extraneous ‘noise’. By subdividing
datasets into smaller, specialized edge models, this study offers a viable approach to
mitigating the latency challenges inherent in cloud computing, thereby enhancing real-time
data processing capabilities, scalability, and adaptability for modern industrial applications.
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1. Introduction
In recent years, the industrial sector has experienced a substantial digital transforma-

tion, leading to the collection of vast amounts of data from various production lines [1].
This digitization, driven by advancements in technology and the integration of the Internet
of Things (IoT), has facilitated the development of digital twins that represent industrial
processes through extensive datasets. The volume of data collected in these environments
is immense [2], often capturing thousands of variables per second from numerous sensors
embedded throughout the production lines. This influx of data presents both opportunities
and challenges for real-time data processing and decision-making.

The primary objective of this research is to validate the efficacy and accuracy of
edge computing models that represent subprocesses within industrial settings and to
compare these models with the traditional Cloud Computing paradigm. The rationale
behind this study stems from the observation that, generally, smaller datasets are processed
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more rapidly by models during both training and testing phases. However, as industries
continue to digitize, the sheer volume of data collected poses significant challenges to
efficient processing. Traditional cloud computing architectures, despite their extensive
computational resources, suffer from inherent latencies due to data transmission over
networks, which can impede real-time responsiveness [3].

Edge computing directly supports the goals of Industry 4.0 by decentralizing process-
ing tasks, reducing reliance on centralized infrastructure, and significantly minimizing
latency. This decentralized approach enables real-time responsiveness, a critical require-
ment for smart manufacturing systems.

This challenge is particularly pronounced in sectors that demand immediate responses
from their systems. For instance, the automotive industry, among others, requires real-time
monitoring and control to maintain high-quality standards and operational efficiency [4,5].
In such environments, digital twins are utilized to replicate and monitor the production
processes, but the high data volumes can overwhelm traditional data processing systems,
leading to delays and inefficiencies [6].

To address these issues, this study proposes an alternative approach by subdividing
the dataset representing an entire industrial process into smaller, more manageable sets,
referred to as subprocesses. Instead of developing a single comprehensive model that
encompasses the entire production chain, the focus is on creating smaller, specialized
“Edge” models that represent individual subprocesses within the production line. These
edge models are designed to operate at or near the source of data collection, thereby
reducing latency and improving the speed of data processing and anomaly detection.

The effectiveness of these smaller edge models will be validated through a series of
experiments, ensuring that their performance is not inferior to that of a unified model
representing the complete process. By leveraging edge computing, this research aims to
enhance real-time data processing capabilities, thus providing a viable solution to the
latency issues associated with cloud computing. This approach not only promises faster
response times but also scalability and flexibility, which are crucial for modern industrial
operations that continuously evolve and expand.

In conclusion, this study offers a unique contribution to the growing body of research
on edge computing by focusing on the development of specialized models tailored to
specific industrial subprocesses. Unlike existing works that often emphasize generalized
models or cloud-based approaches, this research addresses the critical need for local-
ized processing in real-time applications, where latency and immediate responsiveness
are paramount.

A key differentiator of this work lies in its use of real-world datasets from industrial
processes, such as vehicle painting and multi-stage manufacturing, to validate the efficacy
of edge computing models. While prior studies have highlighted the advantages of edge
computing in theoretical or simulated environments [7,8], this study provides empirical
evidence from real manufacturing scenarios, showcasing the practical applicability of
these models.

2. Background
Edge computing has gained traction in industrial applications due to its ability to

process data locally, reducing latency and improving response times. Previous studies
have highlighted the advantages of edge computing in handling smaller-scale datasets
effectively. Already in 2018, a study concluded [9] that the architecture of edge computing
is beneficial for applications involving smaller-scale datasets by enabling more efficient
data processing and quicker decision-making without the need to transmit large amounts
of data to a central cloud. Building on this foundation, further research has explored how
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to optimize the performance of edge computing systems. For instance, Aral et al. [10]
proposed a scheduling algorithm that assesses edge node capabilities to optimize service
quality and reduce latency, demonstrating significant improvements in network delay and
service time. This algorithm enhances the efficiency of edge computing by ensuring that
computational tasks are allocated to the most suitable edge nodes, thereby minimizing
latency and maximizing overall system performance.

Moreover, edge computing is particularly effective in industrial settings due to its
ability to process data at the edge of the network, which significantly decreases latency
and boosts response times for real-time applications. This capability is crucial in industrial
automation systems where real-time responses are paramount. Zhang et al. [11] emphasize
that the reduction in latency and improvement in response times achieved through edge
computing are essential for maintaining the operational efficiency and reliability of indus-
trial automation systems. By processing data closer to the source, edge computing enables
faster decision-making and enhances the performance of real-time industrial applications.

Further emphasizing the importance of low-latency processing, Bacchiani et al. [12]
discussed the SEAWALL platform, which is designed for low-latency anomaly detection
in Industry 4.0 environments. This platform highlights the benefits of edge computing
in reducing alert service latency, underscoring its critical role in maintaining timely and
effective responses in industrial applications. By leveraging edge computing, SEAWALL
enhances the capability of industrial systems to promptly detect and respond to anomalies,
thereby ensuring smoother and more reliable operations. Complementing this, Abouaomar
et al. [13] describe how dynamic resource allocation at edge devices enhances the low-
latency response for IoT and other latency-sensitive applications. Their work illustrates
the significant improvements in service quality and response times that can be achieved
through adaptive resource provisioning, which is particularly beneficial for maintaining
efficiency and reliability in industrial settings.

The scope of edge computing in managing varying data volumes is primarily centered
on localized, real-time processing of moderate-scale datasets. The performance and capacity
of edge devices depend on factors such as the number of inputs (e.g., sensors, IoT devices)
and the computational resources available. Typically, edge devices are capable of handling
hundreds to thousands of sensor inputs within a localized process. However, when dealing
with larger-scale data streams, such as those aggregating inputs from multiple production
lines or enterprise systems, a hybrid approach that incorporates cloud computing may
be required.

The behavior and limitations of edge computing under varying data loads have
been analyzed in a previously published study by the authors [14]. This study includes
stress tests and performance evaluations for edge devices subjected to increasing data
volumes. The results indicate that edge devices can effectively process up to 900 MB before
experiencing performance degradation, at which point, cloud-based solutions may become
necessary to maintain system efficiency.

This study aligns with the recent advancements in edge computing and Industry
4.0, which emphasize the need for real-time processing and localized decision-making in
industrial settings. Recent works have explored the integration of edge computing with
cutting-edge technologies such as artificial intelligence, blockchain, and 5G to address
challenges in smart factory applications [15–17].

In particular, the potential of edge computing for improving latency and scalability in
industrial systems has been highlighted, along with its role in supporting cyber–physical
systems in manufacturing environments [7,8]. These insights underline the growing impor-
tance of edge computing in handling the increasing complexity and data volumes inherent
in Industry 4.0.
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3. Materials and Methods
For this experiment, we utilized proprietary industry datasets to enhance the re-

alism and applicability of our findings. Addressing network monitoring issues, such
as anomaly detection through sophisticated machine learning methods, we prioritized
datasets that closely reflect real-world scenarios encountered in the industry. By leveraging
these datasets, our study aims to provide a more accurate assessment of the performance
and efficacy of various machine learning models in detecting anomalies within network
traffic. This approach ensures that our experimental results are not only theoretically sound
but also practically relevant, thereby contributing valuable insights to the field of network
monitoring and anomaly detection.

3.1. Dataset

The datasets utilized in the experimentation are fourfold, offering a more comprehensive
evaluation of real-time processing in Industry 4.0 applications. One dataset was directly
obtained from an automobile manufacturing plant, while the other three are publicly available
datasets focused on condition monitoring and continuous-flow manufacturing processes.

• Vehicle Painting dataset: This dataset was obtained from the painting process of a
real vehicle manufacturing plant, with which I collaborated during my doctoral thesis
to validate experiments in real environments with real data. The data were collected
by various sensors throughout the process. The dataset includes 9 temperature sensors
in the enamel oven, 2 humidity sensors inside the paint booth, and 2 humidity sensors
at the exit of the paint booth. Additionally, it features an external humidity sensor,
pressure sensors in the paint booth, and temperature sensors at various points within
the paint and preparation areas. This diverse array of sensors ensures comprehensive
monitoring and control of the painting environment.
Overall, each vehicle collects a series of variables, and if it does not pass the quality
control, it goes through the process again, potentially up to three times. In addition to
the sensor data, the dataset also includes the characteristics of each vehicle: body color,
number of painting rounds, vehicle model, and length. Additionally, as an output
label, the type of defect detected by the final quality control has been recorded, with
50 possible defects.

• Bosch dataset: This dataset [18] consists of data acquired during the manufacturing
process, which is divided into four production lines (L0, L1, L2, L3). Each line
has generated a separate dataset, and the label used for all is whether it passes
quality control or not. The dataset provides detailed sensor data for each stage of the
production, allowing for an in-depth analysis of quality assurance processes.

• Condition Monitoring of Hydraulic Systems dataset (ZeMA): This dataset focuses
on condition assessment of a hydraulic test rig based on multi-sensor data. It captures
the behavior of four hydraulic components—cooler, valve, pump, and accumula-
tor—under various operational conditions. The rig operates in cycles (60 s each),
and data are collected on pressures, volume flows, and temperatures.The dataset [19]
contains raw process data, structured as matrices, where each row represents a cycle,
and columns represent sensor readings. Key sensors include six pressure sensors,
two volume flow sensors, motor power, temperature sensors, and a vibration sensor,
among others. The condition of the hydraulic components is annotated with different
severity levels for cooler efficiency, valve switching behavior, internal pump leakage,
and accumulator pressure. The dataset has been further divided into four subprocesses
based on the components monitored: cooler, valve, pump, and accumulator.

• Multi-Stage Continuous-Flow Manufacturing Process dataset: This dataset [20]
originates from a high-speed, continuous manufacturing process with parallel and
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series stages. The data were collected from a production line in Michigan. The first
stage involves three machines operating in parallel, whose outputs are combined,
and measurements are taken at 15 locations around the material exiting the combiner.
These measurements form the primary prediction target. In the second stage, the
combined output is processed by two additional machines in series, with the same
15 locations measured again for the secondary prediction target. The data reflect a
continuous flow process, offering insights into multi-stage manufacturing, and they
have been divided into two distinct stages: the first stage (parallel machines) and the
second stage (series machines).
The datasets utilized in this study were processed using a structured pipeline tai-
lored to optimize real-time data handling within edge computing environments. The
pipeline consists of the following steps:

– Normalization: Sensor readings, such as temperature, pressure, and humidity,
were normalized to a range of [0, 1] to ensure comparability across variables and
to improve the stability of machine learning algorithms.

– Pivoting: For time-series data, pivoting was applied to structure the data such
that each row represents a specific time interval or production cycle, and columns
represent sensor readings or process characteristics.

– Handling Missing Values: Missing data points were imputed using interpolation
methods for continuous variables and mode imputation for categorical variables,
ensuring data consistency.

– Outlier Detection: Outliers were identified using z-scores (|z| > 3) and removed
or capped to reduce noise in the dataset.

3.2. Data Processing

In this subsection, a brief explanation is provided on how the data were prepared. This
includes pivoting the data to reorganize and structure the information in a way that is more
useful and easier to analyze. Additionally, the data were normalized to standardize the
variables and ensure that all data points are within a comparable range, thereby eliminating
any disparities that could affect the analysis results.

• For the vehicle painting data set, as observed, the number of variables collected per
vehicle is substantial, and it can triple if the vehicle requires rework twice. Within the
framework of this experimentation, the dataset has been divided into two parts:

– Enamel subprocess: This includes the variables related to the enameling process,
along with the characteristics of each vehicle.

– Primer coat subprocess: This includes the variables related to the primer coat
process, along with the characteristics of each vehicle.

Therefore, from an initial dataset containing variables for both enamel and primer
coat processes, two distinct datasets have been created, one for each subprocess.
Additionally, extensive preprocessing was required to pivot the data so that each
row represents a vehicle, and each column represents a sensor value for that vehicle.
Characteristics of each vehicle were then added to these data sets.

• Bosch dataset: The main preprocessing involved dividing the dataset into separate
production lines (L0, L1, L2, and L3). Each line’s data were treated as an individual
dataset, with relevant variables grouped per production stage. The dataset was
pivoted so that each row corresponds to a product, and each column reflects sensor
measurements or production characteristics. The label for quality control, indicating
whether a product passed or failed, was retained as the output variable for each
production line.
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• Condition Monitoring of Hydraulic Systems dataset (ZeMA): The preprocessing for
this dataset focused on the four hydraulic components monitored: cooler, valve, pump,
and accumulator. The raw sensor data, initially structured in cycles, were pivoted so
that each row represents a cycle, and each column contains sensor readings from that
cycle. Each hydraulic component’s condition (cooler efficiency, valve behavior, pump
leakage, accumulator pressure) was used as the target variable. Data normalization
was applied to standardize pressure, temperature, volume flow, and vibration read-
ings, ensuring consistent scales across all sensors. Additionally, any incomplete cycles
were discarded to maintain data integrity.

• Multi-Stage Continuous-Flow Manufacturing Process dataset: This dataset was di-
vided into two stages:

– First stage: The output from Machines 1, 2, and 3 was measured at 15 locations
around the material exiting the combiner. Data preprocessing involved restruc-
turing the dataset so that each row represents a run of the process, with columns
corresponding to sensor measurements at the 15 output locations.

– Second stage: Similarly, the output from Machines 4 and 5 was processed, and
the measurements at the same 15 locations were used as the primary features for
this stage.

The data from both stages were normalized to ensure comparability across the different
machine outputs and sensor readings. The dataset was pivoted to ensure that each
row corresponds to a production run, and sensor readings from both stages were
aligned for predictive analysis of the final output properties.

4. Results
In this section, the results obtained from each experiment with each of the datasets

are explained.

4.1. Bosch Dataset Experimentation

Once the original dataset was divided into subsets, each corresponding to a production
line, experimentation was conducted. These subsets were processed using different families
of algorithms to evaluate their effectiveness and compare it to the effectiveness of the
complete dataset. The algorithms used were random forest, logistic regression, K nearest
neighbors, neural network, and Gaussian naive Bayes. Tables 1 and 2 show the effectiveness
results for each algorithm based on accuracy.

The results shown in Tables 1 and 2 are explained as follows: The first column, labeled
L0 + L1 + L2 + L3, refers to the complete original dataset, as it contains data from all four
production lines. The subsequent columns, L0, L1, L2, and L3, refer to the subsets created
for each production line.

Table 1. Model comparison.

L0 + L1 + L2 + L3 (%) L0 (%) L1 (%)

Random Forest 98.30 98.39 98.32
Logistic Regression 98.16 98.26 98.26
K Nearest Neighbor 98.17 97.94 97.98
Neural Network 91.11 95.66 98.24
Gaussian Naive Bayes 61.82 75.83 98.30
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Table 2. Model Comparison.

Model L0 + L1 + L2 + L3 (%) L2 (%) L3 (%)

Random Forest 98.30 98.33 98.68
Logistic Regression 98.16 98.26 98.23
K Nearest Neighbor 98.17 97.97 98.15
Neural Network 91.11 91.52 98.30
Gaussian Naive Bayes 61.82 98.30 95.70

The following chart clearly shows the comparison of results (Figure 1):
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Figure 1. Model performance accuracy across comparison.

4.2. Vehicle Painting Dataset Experimentation

During the experimentation in this case, due to the large volume of variables, only
neural networks provided promising accuracy results. The rest did not even reach 40%
accuracy, so the experimentation focused on analyzing the results of the models with differ-
ent neural network architectures. In addition to the different architectures, comparisons
were also made with different optimizers, as their function is to reduce the network error
by optimizing the values [21].

Following this, experimentation was conducted using the unified data from the entire
painting process, encompassing the subprocesses of enameling and primer coat.

As can be observed in Table 3, the experimentation was conducted with neural net-
works of different configurations. Therefore, for each combination of hidden layers, both
the Adam optimizer and the SGD optimizer were used.
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As can be seen, in the case of the unified model, the accuracy is quite low. The
configuration that yields the best results has (288, 240) layers and uses the Adam optimizer.

Table 3. Accuracy results for different configurations of layers and optimizers.

Hidden Layers Adam (%) SGD (%) Hidden Layers Adam (%) SGD (%)

(288, 64) 26.04 26.04 (256, 256) 25.52 25.87
(288, 80) 28.07 27.43 (272, 256) 25.56 26.39
(288, 96) 28.30 26.91 (272, 272) 25.57 26.91
(288, 112) 28.71 23.61 (304, 256) 26.07 27.08
(288, 128) 27.67 25.69 (256, 272) 26.57 27.03
(288, 144) 25.80 26.49 (272, 272) 26.45 26.91
(288, 160) 27.19 26.47 (288, 272) 26.55 27.01
(288, 176) 27.95 27.53 (304, 272) 26.63 26.74
(288, 192) 27.60 25.35 (272, 288) 26.14 26.99
(288, 208) 28.60 27.17 (304, 288) 26.95 26.97
(288, 224) 28.37 26.78 (288, 288) 27.13 27.03
(288, 240) 27.97 27.09 (304, 288) 27.62 27.17
(288, 256) 27.95 26.91 (304, 304) 28.28 28.30

4.2.1. Enamel Subprocess Results

Next, experimentation was conducted using only the data from the enameling subprocess.
With the results in view in Table 4, it is important to highlight that having more layers

does not necessarily lead to better outcomes. The configuration that yielded the best results
consists of (256, 192) layers and uses the Adam optimizer. This configuration achieved a
precision of 78.10%, the highest among all configurations tested.

Table 4. Model Comparison with Adam and SGD Optimizers.

Hidden Layers Adam (%) SGD (%) Hidden Layers Adam (%) SGD (%)

(256, 64) 77.09 76.39 (272, 256) 77.94 76.47
(256, 80) 77.24 76.24 (288, 256) 76.63 76.93
(256, 96) 76.32 75.54 (304, 256) 75.97 75.62
(256, 112) 77.00 75.88 (272, 272) 77.19 76.63
(256, 128) 75.93 77.44 (288, 272) 76.66 75.94
(256, 144) 76.55 77.14 (304, 272) 75.70 75.62
(256, 160) 76.47 76.55 (272, 288) 77.00 76.47
(256, 176) 76.76 77.03 (288, 288) 75.93 77.14
(256, 192) 77.18 76.63 (304, 288) 76.24 76.70
(256, 208) 76.86 76.93 (272, 304) 77.01 77.03
(256, 224) 77.32 76.24 (288, 304) 75.77 75.47
(256, 240) 76.80 75.94 (304, 304) 76.86 75.54
(256, 256) 77.40 75.85

4.2.2. Primer Coat Subprocess

Table 5 presents a summary of the accuracy results from the experimentation with the
primer coat data model. In this case, the configuration that achieved the highest accuracy
consists of (208, 128) layers and uses the Adam optimizer, with an accuracy of 67.01%.
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Table 5. Results of the models with different hidden layer configurations and Adam and SGD
optimizers.

Hidden Layers Adam (%) SGD (%) Hidden Layers Adam (%) SGD (%)

(208, 64) 65.10 65.10 (256, 256) 64.58 63.72
(208, 80) 63.54 63.02 (272, 256) 64.54 64.41
(208, 96) 63.71 63.32 (288, 256) 64.63 64.11
(208, 112) 63.19 62.19 (304, 256) 64.56 64.15
(208, 128) 63.71 64.76 (256, 272) 64.63 63.63
(208, 144) 63.71 64.11 (272, 272) 63.95 63.28
(208, 160) 63.19 63.71 (288, 272) 64.51 63.72
(208, 176) 65.62 63.32 (304, 272) 64.40 63.85
(208, 192) 65.62 63.19 (272, 288) 63.97 63.54
(208, 208) 64.76 63.89 (288, 288) 65.97 63.63
(208, 224) 63.24 63.89 (304, 288) 64.51 62.78
(240, 240) 63.02 64.41 (288, 304) 64.41 63.19
(304, 240) 64.24 62.85 (304, 304) 63.37 64.24

4.2.3. Results Comparison

Once the accuracy results for each case were obtained, Table 6 reflects the comparison
of model accuracy, using the best results from the experimentation for each case (Figure 2).

Table 6. Comparison of Model Results.

Enamel Edge
Model (%)

Preparation Edge
Model (%)

Preparation and
Enamel Model (%)

78.10 67.01 39.86
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3.3. ZEMA dataset experimentation

The Condition Monitoring of Hydraulic Systems dataset (ZEMA) was divided into
four subprocesses: Cooler, Valve, Pump, and Accumulator. Experimentation was conducted
using five machine learning algorithms: Random Forest, Logistic Regression, K-Nearest

Figure 2. Comparison of accuracy results plotted.

4.3. ZEMA Dataset Experimentation

The condition monitoring of hydraulic systems dataset (ZEMA) was divided into four
subprocesses: cooler, valve, pump, and accumulator. Experimentation was conducted using
five machine learning algorithms: random forest, logistic regression, K nearest neighbors
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(KNN), neural network, and Gaussian naive Bayes. The accuracy results for each algorithm
across the four subprocesses (Figure 3), as well as the global accuracy, are presented in
Tables 7 and 8.

Table 7. Accuracy Results for ZEMA Dataset (Cooler, Valve, Pump).

Model Global Cooler Valve Pump
Accuracy Accuracy Accuracy Accuracy

Logistic Regression 0.9502 0.9985 1.0000 0.9985
Random Forest 0.9698 1.0000 1.0000 0.9955
KNN 0.7719 0.9955 0.9094 0.9607
Neural Network 0.7477 0.9985 0.9622 0.8640
Gaussian Naive Bayes 0.2024 0.9320 0.8399 0.5574

Table 8. Accuracy Results for ZEMA Dataset (Accumulator).

Model Global Accuracy Accumulator Accuracy

Logistic Regression 0.9502 0.9502
Random Forest 0.9698 0.9743
KNN 0.7719 0.8731
Neural Network 0.7477 0.8686
Gaussian Naive Bayes 0.2024 0.4063
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Figure 3. Comparison of accuracy results plotted for ZEMA Dataset (Cooler, Valve, Pump, Accumulator).

4.4. Multi-Stage Continuous Flow Manufacturing Process Dataset Experimentation

The multi-stage continuous flow manufacturing process dataset was divided into
two stages: the first stage (parallel machines) and the second stage (series machines).
Experimentation with the same five machine learning algorithms yielded the accuracy
results shown in Table 9 (Figure 4).
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Table 9. Accuracy Results for Multi-Stage Dataset.

Model Global First Stage Second Stage
Accuracy Accuracy Accuracy

Logistic Regression 0.9579 0.9734 0.9605
Random Forest 0.9757 0.9862 0.9766
KNN 0.9479 0.9665 0.9489
Neural Network 0.9283 0.9656 0.9863
Gaussian Naive Bayes 0.8254 0.8331 0.8476
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Figure 4. Comparison of accuracy results plotted for Multi-Stage Dataset (Global, First Stage,
Second Stage).

5. Discussion
The results of the experiments conducted in the previous section are discussed below.

5.1. Bosch Dataset

As can be observed in Tables 1 and 2, except for the K nearest neighbors algorithm, the
algorithms offer better results when the models are created with the data subsets, meaning
the models achieve better accuracy when trained with the data from each production
line separately. Nevertheless, for the K nearest neighbors algorithm, the largest loss in
accuracy occurs in line 0 (L0) and amounts to 0.23%, which could be considered negligible.
On the other hand, it is worth noting that with the Gaussian naive Bayes algorithm, the
improvement in accuracy when training the models with the smaller datasets is significant,
increasing from 61.82% accuracy with the complete model to 98.30% accuracy with the
dataset from line 1.
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5.2. Vehicle Painting Dataset

Table 6 shows a summary of the results of the experiment conducted with this dataset.
As can be observed, the accuracy of the models when generated separately is higher than
when a complete model containing all the data is generated, similar to what occurred in
the experimentation with the previous dataset.

5.3. Condition Monitoring of Hydraulic Systems (ZEMA) Dataset

Regarding the ZEMA dataset [19], as shown in Tables 7 and 8, random forest achieved
the highest global accuracy of 96.98%, performing perfectly on the cooler and valve sub-
processes, while logistic regression followed closely with a global accuracy of 95.02%.
Furthermore, the performance of the random forest algorithm improves significantly when
the dataset is divided into the individual subprocesses. It achieves perfect accuracy not
only in the cooler and valve subprocesses but also in the pump subprocess, with 100%
accuracy. Additionally, the accumulator subprocess accuracy reaches 97.43%, showcasing
an overall improvement across all subprocesses when compared to the global results. This
indicates that random forest handles the specific characteristics of each subprocess more
effectively, leading to better performance when each component is treated independently.

Similarly, both K nearest neighbors (KNN) and neural networks show significant
improvements when applied to individual subprocesses. Although their global accuracies
are relatively lower (77.19% for KNN and 74.77% for neural networks), both algorithms
perform remarkably well in the cooler and pump subprocesses, with KNN achieving
99.55% and 96.07% and neural networks reaching 99.85% and 86.40%, respectively. These
improvements highlight the ability of both methods to perform better on specific tasks
within the dataset, compensating for their weaker performance in the overall model.

5.4. Multi-Stage Dataset

As shown in Table 9, random forest achieved the highest global accuracy of 97.57%,
with notable improvements when applied to individual stages, reaching 98.62% in the first
stage and 97.66% in the second stage. logistic regression also performed well, with a global
accuracy of 95.79%, improving to 97.34% in the first stage and 96.05% in the second stage.
Both models show a clear advantage when the dataset is divided, achieving better accuracy
in each stage compared to the global result.

K nearest neighbors (KNN) and neural networks, while having slightly lower global
accuracies (94.79% and 92.83%, respectively) also demonstrated significant improvements.
KNN reached 96.65% accuracy in the first stage and 94.89% in the second stage, showing
better performance when focusing on specific stages. Neural networks, despite their lower
global performance, excelled in the second stage, achieving the highest accuracy among
all models at 98.63%, though their first stage performance remained at 95.65%, still an
improvement over the global score.

Finally, Gaussian naive Bayes, although the weakest model with a global accuracy of
82.54%, showed slight improvements when divided into stages, with accuracies of 83.31%
and 84.76% in the first and second stages, respectively. Despite these gains, its performance
lags behind the other models.

Naive Bayes underperformed due to its strong independence assumption, which is
unsuitable for the complex feature interactions present in the datasets. This limitation
makes it less capable of capturing the dependencies and correlations between features that
are critical for accurate predictions in these datasets.

In contrast, random forest consistently outperformed other models due to its ability
to handle high-dimensional data and its robustness to overfitting in smaller subsets. Its
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ensemble-based approach allows it to leverage multiple decision trees, capturing feature
interactions and providing a more flexible and accurate model even in complex scenarios.

The purpose of the edge computing models developed in this study is to enable
real-time process monitoring, anomaly detection, and decision-making within industrial
IoT-enabled environments. These models are specifically designed to operate at the data
source, such as machines or production lines, reducing latency compared to traditional
cloud computing architectures. In practical terms, edge computing models can be inte-
grated into existing industrial systems such as supervisory control and data acquisition
(SCADA) or manufacturing execution systems (MES) to enhance localized data processing
and responsiveness. For example, in a vehicle painting process, real-time monitoring of
temperature and humidity levels through edge models allows for immediate corrective
actions, ensuring consistent quality and minimizing rework.

Furthermore, edge models can complement or replace centralized cloud solutions
where low-latency responses are critical. These models are particularly applicable to en-
vironments where production lines generate large amounts of sensor data, as processing
the information locally avoids network delays, ensuring faster feedback. By providing
localized control and decision-making capabilities, edge computing empowers manufac-
turers to achieve greater operational efficiency and reliability, even in highly automated,
IoT-connected production settings.

To better illustrate the deployment of edge computing models and their comparison
with traditional cloud computing systems, we included a graphical representation of their
integration into a typical industrial IT infrastructure. The right side of Figure 5 shows
the flow of data from IoT-enabled machines and sensors to edge devices, where real-
time processing occurs. This local processing significantly reduces latency and supports
immediate decision-making.

In contrast, traditional cloud computing architecture, shown in the left side of Figure 5,
involves transmitting data to centralized servers, which can introduce latency due to
network transmission times.

Figure 5. Cloud Computing vs. Edge Computing architecture.

The proposed framework leverages edge nodes to process data closer to their source,
significantly reducing the dependence on centralized cloud infrastructure. By localizing
data handling, the framework achieves lower latency, reduces transmission overhead, and
ensures greater data privacy and security.

6. Conclusions
Upon completing experiments across four distinct industrial datasets related to pro-

duction lines and analyzing the accuracy results, it is evident that the models generated
using datasets from specific parts of the process achieve better results than large models that
encompass multiple subprocesses. This pattern has been consistently demonstrated across
all four industrial datasets—Bosch, vehicle painting, ZEMA, and multi-stage continuous
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flow manufacturing—indicating that this approach works particularly well with datasets
of this type. This paper’s experiments demonstrated that models created for individual
production lines achieved higher accuracy compared to those using data from all lines
combined. For example, models for specific subprocesses such as enamel and primer coat
reached accuracies of 78.10% and 67.01%, respectively, while the combined model of both
subprocesses showed significantly lower performance, barely reaching 30%. Dividing the
data into subprocesses related to distinct components also led to notable improvements in
accuracy across all subprocesses, with random forest achieving perfect accuracy in several
cases. This consistent pattern across all datasets highlights the advantages of focusing
on individual subprocesses or stages to improve model performance. These findings re-
inforce the conclusion that having more data does not necessarily result in better model
performance. This phenomenon occurs because data from one independent process can
introduce ‘noise’ when predicting another process, as observed in the Bosch production
lines and in the enameling and primer coat subprocesses from the vehicle painting dataset.
The same effect was observed in the ZEMA and multi-stage datasets, where dividing
data into individual subprocesses or stages consistently improved accuracy. This research
further validates the primary objective of the study: to demonstrate the effectiveness of
edge computing models in representing subprocesses within industrial settings compared
to traditional cloud computing paradigms. With the rise of digitization and the Internet of
Things (IoT), industries have increasingly sensored all processes, leading to the creation of
large artificial intelligence models. However, this research demonstrates that for industrial
processes, smaller, specialized models are more effective. By subdividing large datasets
into smaller, more manageable sets and developing specialized edge models that operate
near the source of data collection, latency is reduced, and both the speed of data processing
and anomaly detection are enhanced. This approach provides a practical solution to the
challenges posed by the immense volume of data in digitized industrial environments and
offers a promising path towards more efficient and responsive industrial systems.

The framework was validated using real-world industrial datasets, such as those from
vehicle painting processes and multi-stage manufacturing lines. By demonstrating its
efficacy in real-time data processing and anomaly detection within these practical scenar-
ios, the study establishes a direct connection between theoretical models and industrial
applications.

The modular approach of developing specialized edge computing models for sub-
processes, rather than comprehensive models for entire processes, provides a scalable and
adaptable framework for real-time industrial systems. This modular design sets a bench-
mark for future research, particularly for applications requiring low-latency processing in
Industry 4.0 environments.
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