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Abstract: This study presents the OPTIMUM framework, a machine learning-driven system, 
for optimizing control units in manufacturing environments. By leveraging real production 
data, we implemented and evaluated four key models: delay prediction, anomaly detection, 
efficiency optimization and prescriptive decision-making. A Random Forest classifier 
predicted production delays using early-stage features, while an Isolation Forest model 
identified operational anomalies without labeled data. A regression model accurately 
predicted air consumption with an R² of 0.9991, supporting proactive resource management. 
Finally, a decision tree model generated interpretable rules for minimizing delays through 
scheduling adjustments. The results demonstrate that machine learning techniques can not 
only detect inefficiencies but also recommend actionable adjustments, significantly 
improving responsiveness and sustainability in production systems. The proposed framework 
offers a modular and scalable approach to integrating AI into control units, paving the way 
for smarter, data-driven manufacturing operations. 
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1 Introduction 

The integration of artificial intelligence (AI) into manufacturing processes has 
revolutionized the manufacturing industry, offering significant improvements in 
efficiency, accuracy, and operational performance. AI technologies, including 
machine learning, robotics, predictive analytics, and computer vision, have enabled 
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manufacturers to optimize resources, reduce downtime, and improve product 
quality. It explores the multifaceted impact of AI on manufacturing efficiency, 
supported by insights from a variety of research papers. While AI has significantly 
advanced industrial engineering, challenges remain, such as data issues, ethical 
considerations, and the need for skilled human resources. Addressing these 
challenges is critical to maximizing the potential of AI in industrial applications. In 
addition, AI integration requires careful consideration of data governance and 
security to ensure successful implementation and operation [1]. 

Current developments in the field of industrial production and transport 
infrastructure are leading to a paradigmatic change in the understanding of 
operation and process management. This change is caused by rapid technological 
progress, globalization pressure on flexibility and production quality, as well as 
growing demands for environmental sustainability and safety. The manufacturing 
and logistics sectors are simultaneously facing challenges related to the effective 
collection of data, its transformation into meaningful knowledge and the ability to 
quickly make decisions based on data. In this context, there is a need for intelligent 
systems that integrate sensory, analytical and decision-making layers into a 
coherent and autonomously managed environment [2-5]. 

The OPTIMUM research project was created in response to this challenge, with the 
aim of designing and testing a system that can not only monitor and predict the 
condition of equipment and infrastructure, but also effectively optimize activities 
and manage production and transport processes using artificial intelligence models. 

The starting point of the project is the observation that, despite the rapid 
development of available technologies, manufacturing and transport companies in 
the Slovak Republic are still only at the beginning of the journey towards truly data-
driven operation. According to the DESI (Digital Economy and Society Index), 
Slovakia lags behind especially in the areas of integration of digital technologies in 
small and medium-sized enterprises, with only a limited share of them using big 
data analytics, AI, or cloud systems. An even greater challenge is the area of 
predictive maintenance, which is implemented by only a fraction of companies, 
although research clearly shows that properly deployed AI models can reduce 
downtime by up to 50%, extend the life of equipment by 20-30%, and reduce 
maintenance costs by 10-40%. Traditional approaches, such as planned or reactive 
maintenance, are today inefficient, costly, and prone to failure in complex 
environments with variable loads [6-8]. 

From the above, it follows that the OPTIMUM research project is conceived as a 
comprehensive solution that connects artificial intelligence, sensors, optimization 
algorithms, simulation models, elements of cyber-physical systems and the human 
factor. Its result should be a system capable of effectively responding to the 
challenges of the 21st Century: environmental, economic, technological and social. 
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2 Related Work 

AI tools such as predictive maintenance systems, quality control algorithms, and 
process optimization techniques have significantly increased the efficiency, 
productivity, and sustainability of manufacturing environments. This response 
explores the effectiveness of these AI tools, supported by insights from relevant 
research works. 

2.1 Predictive Maintenance and Equipment Optimization 

Predictive maintenance powered by artificial intelligence has become a game 
changer in manufacturing, allowing manufacturers to anticipate equipment failures 
before they occur. By analyzing real-time data from sensors and historical 
maintenance records, AI algorithms can identify patterns and predict potential 
problems, reducing unplanned downtime and extending machine life [9-11]. This 
proactive approach not only optimizes resource utilization but also minimizes 
production interruptions, leading to higher overall efficiency. AI-driven predictive 
maintenance uses machine learning algorithms to anticipate equipment failures, 
thereby reducing downtime and maintenance costs. For example, AI models such 
as Random Forest have achieved up to 99% accuracy in predicting machine failures, 
making them highly effective in industrial settings [12]. Edge computing combined 
with AI enables real-time anomaly detection and proactive maintenance scheduling, 
thereby improving asset reliability and operational efficiency [13]. Predictive 
Maintenance (pDM) uses AI and IoT tools to monitor equipment performance and 
predict failures. IoT sensors collect real-time data on metrics such as vibration, 
temperature, and pressure, which AI algorithms analyze to predict equipment 
performance and identify failure patterns [14] [15] Advanced machine learning 
techniques, including deep learning and neural networks, are used to detect 
anomalies and predict equipment failures. These algorithms analyze historical and 
real-time data to improve maintenance planning and resource allocation [16] [17]. 
The pDM reports are integrated with Manufacturing Execution Systems (MES) to 
enable real-time decision making and process optimization, increasing overall plant 
efficiency and reducing unplanned downtime [15]. 

Advanced machine learning algorithms such as Random Forests and XGBoost are 
used to analyze historical and real-time data from IoT sensors, identifying trends 
and anomalies that may indicate impending failures [16] [18] [19]. The integration 
of digital twins - virtual representations of physical assets - has further improved 
predictive maintenance by providing real-time simulations and analysis of failures. 
This allows manufacturers to gain unprecedented insight into equipment 
performance and failure processes, ensuring timely interventions [16]. In addition, 
the use of edge computing and cloud-based systems provides low-latency data 
processing and scalable implementations, making predictive maintenance more 
accessible and efficient [16] [20]. Studies have demonstrated tangible benefits of 



K. Fodor et al. Optimization of Production Infrastructure processes,  
 using Artificial Intelligence (AI) Methods (OPTIMUM) 

‒ 102 ‒ 

AI-driven predictive maintenance. For example, a machine learning-based 
approach using random forests achieved a 42% reduction in production line failures, 
demonstrating the potential of AI to minimize failures and improve operational 
reliability 

2.2 Quality Control and Error Prevention 

AI technologies, particularly computer vision and machine learning, have 
significantly improved quality control processes. Quality control is another critical 
area where artificial intelligence has made significant progress in manufacturing. In 
industries such as Printed Circuit Board (PCB) manufacturing, AI systems can 
detect subtle defects that are often missed by traditional inspection methods. By 
automating defect detection and enabling real-time monitoring, AI-driven quality 
control systems reduce human error, lower manufacturing costs, and improve 
product consistency [21] [22]. Additionally, AI-based systems can analyze 
historical data to predict potential failures, further reducing waste and improving 
yield rates. Automation, combined with deep learning, improves the accuracy and 
speed of defect detection. These technologies enable real-time monitoring and 
diagnosis of problems, preventing costly disruptions, and ensuring that products 
meet safety and quality standards [23]. The use of targeted quality tools helps 
identify and resolve manufacturing anomalies, optimize maintenance strategies, and 
improve overall manufacturing performance [24]. 

Machine learning algorithms, such as convolutional neural networks (CNN) and 
long short-term memory (LSTM) networks, are increasingly being used to monitor 
manufacturing parameters and detect defects in real time. These systems use data 
from IoT sensors, manufacturing systems, and digital twins to identify anomalies 
and ensure product quality [25] [26]. For example, a study on tool condition 
monitoring in milling processes used Random Forest algorithms to predict tool-
related defects with 94% accuracy, eliminating the need for costly laboratory tests 
and increasing process efficiency [27]. Similarly, the integration of acoustic sensors 
with machine learning models has been used to monitor the operation of servo 
presses, detect early signs of wear, and optimize maintenance schedules [28]. AI-
driven quality control not only reduces the likelihood of defective products, but also 
minimizes waste and energy consumption. By enabling real-time monitoring and 
adaptive control, these systems ensure that manufacturing processes remain within 
optimal parameters, thereby reducing the environmental footprint of production 
[26] [29]. 

2.3 Supply Chain Optimization 

AI plays a key role in optimizing supply chain management, from demand 
forecasting to inventory management and logistics planning. By leveraging 
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predictive analytics, AI solutions can anticipate market trends and customer 
demand, allowing manufacturers to adjust production schedules and inventory 
levels accordingly. This leads to shorter lead times, lower operating costs, and 
improved supply chain resilience [11] [30]. In addition, AI-driven automation 
streamlines supply chain processes, increases transparency, and facilitates better 
decision-making. 

Artificial intelligence tools also play a key role in optimizing manufacturing 
processes and improving resource utilization. By analyzing real-time data from IoT 
devices and manufacturing systems, AI algorithms can identify inefficiencies and 
recommend adjustments to production schedules, energy consumption, and 
resource allocation [31] [32]. For example, a hybrid approach combining machine 
learning with process simulation was used to optimize milling processes, achieving 
an over 96% accuracy, in real-time fault detection and enabling unattended 
manufacturing operations [27]. Similarly, integrating overall equipment 
effectiveness (OEE) with predictive maintenance has enabled manufacturers to 
evaluate equipment performance based on availability, productivity, and quality, 
further refining process optimization strategies [33]. These advances have not only 
increased production efficiency, but also contributed to sustainability goals by 
reducing energy consumption and waste. For example, a study on predictive 
maintenance with artificial intelligence support showed a significant reduction in 
energy consumption, which supports greener production practices [16] [18] [40]. 

2.4 Process Optimization and Production Planning 

AI technologies such as machine learning and neural networks are increasingly 
being used to optimize production planning and process parameters [41]. In 
Reconfigurable Manufacturing Systems (RMS), integrating AI with Petri nets and 
genetic algorithms has been shown to increase planning efficiency and adaptability, 
achieving 85% success rates in reducing lead times and improving resource 
utilization [34]. Similarly, AI-driven process optimization techniques allow 
manufacturers to dynamically adjust production parameters, ensuring higher yields 
and minimizing waste [21] [35]. AI facilitates real-time data analysis, improving 
decision-making and resource utilization. This leads to increased efficiency in 
manufacturing processes, as seen in AI-driven real-time quality monitoring and 
process optimization [26]. In mechanical manufacturing, AI applications have 
improved production efficiency and quality control, with predictive maintenance 
strategies reducing maintenance costs by up to 30% [36]. 



K. Fodor et al. Optimization of Production Infrastructure processes,  
 using Artificial Intelligence (AI) Methods (OPTIMUM) 

‒ 104 ‒ 

2.5 Workforce Augmentation and Human-Machine 
Collaboration 

AI not only enhances machine capabilities, but also empowers the workforce by 
providing data-driven insights and automating routine tasks. AI-driven 
collaborative robots (cobots) and workforce augmentation tools enable seamless 
human-machine collaboration, highlighting the transformative synergy between 
humans and technology [9] [37]. This collaboration leads to improved productivity, 
reduced errors, and improved decision-making capabilities. The integration of AI 
into robotics enhances manufacturing capabilities by transforming manual 
processes into semi-automated processes, thereby increasing efficiency and 
reducing costs [38]. AI techniques such as machine learning and deep learning are 
being used in intelligent automation and advanced simulation, revolutionizing the 
manufacturing environment [37]. 

Digital twins have become a powerful tool for monitoring and optimizing 
manufacturing processes. By creating virtual representations of physical assets, 
manufacturers can simulate different scenarios, analyze equipment performance, 
and predict failures without disrupting real operations [25] [39]. A new approach 
using digital twins involves training CNN-based object detection models on 
synthetic data generated by digital twins. This method reduces the need for large 
training datasets and allows for real-time monitoring of manufacturing systems, 
even when the actual system is not available [25]. This approach has been 
successfully applied in industrial pilot plants, demonstrating its potential to improve 
process monitoring and optimization. In addition, digital twins have been used in 
conjunction with machine learning algorithms to monitor tool health and detect 
errors in milling processes. By simulating the milling process and generating 
analytical data, these systems achieved high accuracy in fault detection, reducing 
the need for costly laboratory tests [25] [27]. 

3 Materials and Methods 

Before presenting the individual methodological components, we outline the overall 
analytical workflow of the OPTIMUM framework. The following subsections 
describe the datasets used, the preprocessing pipeline, and the modelling strategies 
that enable delay prediction, anomaly detection, efficiency forecasting, and 
prescriptive decision-making. 
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3.1 Data Sources 

As a starting point, we have received raw production data from our partners. They 
produce several types of products: two types of canisters, each filled with pellets in 
three different colors and four different quantities. The data can be divided into 2 
groups in general: 

• 1st Group - Data about the orders themselves - multiple comma-separated 
values (CSV) files can be linked based on ArticleID (unique identifier of a 
specific product). 

• 2nd Group - Information about the movement of the robotic arms of the 
machines 

The key datasets are: 

• ManufacturingOrder.csv: Contains records of production orders, 
including order types, statuses, and detailed timestamps (creation, delivery, 
launch, completion). 

• Order & OrderLine.csv: Stored anonymized client order data and 
corresponding line items, including stock keeping units (SKUs) and planned 
quantities. 

• SKU.csv: Defines individual stock keeping units with identifiers and 
specifications. 

• Movement.csv: Tracks the movement of materials or products between 
various stages and equipment. 

• MovementAction.csv: Logs the type and context of each movement event. 

• PAEAAirConsumption & PAEAEnergyConsumption.csv: Capture 
sensor-level air and energy consumption for individual components during 
operation. 

• Reserve.csv: Represents material reservations linked to production steps. 

• SPCMeasurement.csv: Includes quality control metrics measured during or 
after production. 

3.2 Data Integration and Preprocessing 

The raw CSV files were ingested using Python and the pandas library. Initial 
preprocessing steps were carried out, which included merging of the data on 
relevant foreign keys such as ManufacturingOrderID to build a unified dataset that 
aligns resource usage with specific production orders and actions. Later timestamp 
parsing was carried out, where all datetime fields (e.g., CreationDate, 
LaunchedDateTime) were converted into standardized Python datetime objects. 
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After merging all relevant tables, the integrated dataset contained 1,965,494 
records. However, only records with complete information for the selected features 
and the target label (FaultTarget) were retained for modelling. After this filtering, 
the final dataset used in the models consisted of 493,440 samples, of which 394,752 
(80%) were used for training and 98,688 (20%) for testing. 

Feature Engineering 

Feature engineering focused on extracting actionable signals from the production 
data. First, OrderProcessingTime was computed as the time difference between the 
DeliveryDate and RequestDate in seconds, while ManufacturingDuration captured 
the elapsed time between LaunchFinishedDateTime and LaunchedDateTime. 
Temporal features were also derived, including HourOfDay and DayOfWeek 
extracted from the CreationDate to capture cyclical production patterns. In addition, 
a binary DefectPrediction label was generated by comparing each 
SPCMeasurement value to the median of all recorded SPC quality-control 
measurements, with values above this threshold flagged as potential defects. 

3.3 Machine Learning Modeling 

The goal of machine learning modeling is to optimize control units by detecting 
inefficiencies, forecasting delays, and recommending adjustments. The target 
outcomes included: 

• Delay Prediction: Classification model to predict if a manufacturing order 
will finish late based on early-stage signals. 

• Anomaly Detection: Unsupervised learning on consumption and quality 
metrics to flag deviations. 

• Efficiency Optimization: Regression models to estimate energy or air usage 
based on order parameters. 

• Prescriptive Modeling: Decision tree models or reinforcement learning 
strategies to suggest optimal movement sequences or launch timings. 

Before training the Random Forest classifier, the class distribution of the target 
variable (FaultTarget) was examined to assess data balance. The dataset exhibited 
a substantial imbalance, with on-time orders (FaultTarget = 0) representing 86.39% 
of the samples and delayed orders (FaultTarget = 1) representing only 13.61%. 
Because the purpose of this study was to evaluate the predictive potential of 
naturally occurring production data, no resampling techniques (such as 
oversampling, undersampling, or class-weight adjustments) were applied.  
The dataset was then divided into training and testing subsets using an 80/20 split 
via random sampled scikit-learn’s train_test_split and a fixed seed (random_state 
= 42) to ensure reproducibility. This approach preserved the natural class 
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proportions in both subsets and enabled performance evaluation under realistic 
operational conditions. 

3.4 Tools and Platform 

All analyses and modelling were performed using Python 3 within the Google 
Colaboratory environment, which provided a flexible cloud-based platform for 
rapid experimentation and reproducible workflows. The data processing pipeline 
relied primarily on the pandas and numpy libraries for data ingestion, cleaning, 
merging, and feature engineering. Exploratory analysis and visualization were 
carried out using matplotlib and seaborn, enabling detailed inspection of temporal 
patterns, distribution shapes, and model behavior. Machine learning models, 
including the Random Forest classifier, Isolation Forest algorithm, and Random 
Forest regressor, were implemented using scikit-learn, which offered a consistent 
interface for training, evaluation, and hyperparameter configuration. This 
combination of tools formed a robust and efficient environment for processing 
heterogeneous industrial data and developing the predictive and prescriptive 
components of the OPTIMUM framework. 

4 Results and Discussion 

Building on the methodological framework described in Section 3, this section 
reports the performance of the applied models and provides a discussion of their 
relevance for real-world manufacturing environments. 

4.1 Delay Prediction Using Supervised Learning 

To identify potential delays in the production process, we developed a supervised 
machine learning model aimed at predicting whether a manufacturing order would 
exceed its expected production duration. The target variable, denoted as 
FaultTarget, was defined as a binary label indicating whether the actual 
manufacturing time (i.e., the difference between LaunchFinishedDateTime and 
LaunchedDateTime) surpassed the median manufacturing duration across all 
orders. 

The feature set incorporated temporal and operational variables, including 
HourOfDay, DayOfWeek, Urgent status, OrderTypeID, and selected product 
quality metrics (Measurement, DefectPrediction). These features were engineered 
from raw timestamps, order metadata, and statistical process control (SPC) quality 
measurements. 
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We employed a Random Forest Classifier with 100 estimators and otherwise 
default scikit-learn parameters, including bootstrap sampling, the Gini impurity 
criterion, and unrestricted tree depth to perform the classification task. The model 
was trained with a fixed random seed (random_state = 42) to ensure reproducibility 
on 80% of the data and evaluated on the remaining 20%. The resulting accuracy 
was exceptionally high at 68.57%, suggesting a moderate predictive signal in the 
selected features. The model demonstrated that early-stage signals from order 
metadata and quality metrics can serve as effective predictors of production delays. 
This provides an opportunity for integrating predictive alerts into production control 
systems, allowing for proactive interventions before delays materialize. 

 
Figure 1 

The confusion matrix regarding the delay prediction 

The confusion matrix (Figure 1) illustrates the performance of the Random Forest 
classifier in predicting whether a manufacturing order will experience a delay.  
The matrix compares the model’s predicted labels with the actual outcomes across 
a test set. 

• The top-left cell shows 40,008 orders correctly predicted as “On Time” (true 
negatives). 

• The bottom-right cell shows 27,672 orders correctly predicted as “Delayed” 
(true positives). 

• The top-right cell indicates 10,969 orders that were incorrectly predicted as 
delayed (false positives). 
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• The bottom-left cell indicates 20,039 orders that were predicted as on-time but 
experienced a delay (false negatives). 

Although the overall accuracy is high, the false negative count is non-negligible, 
suggesting the model occasionally fails to flag orders that will be delayed. This type 
of error may require additional optimization if the priority is to minimize undetected 
delays, especially in critical production scenarios. Adding OrderProcessingTime to 
the list of features when correctly classifies the target attribute with 99.97% 
accuracy, however, this feature was omitted as the real processing time of products 
are only known after the production is complete and this feature cannot be used on 
new, unknown data. 

 
Figure 2 

The feature importance regarding the delay prediction 

The bar chart (Figure 2) displays the relative importance of input features used in 
the Random Forest model for predicting delays. The importance is based on how 
much each feature contributed to reducing impurity across the decision trees in the 
ensemble. 

• Measurement (from Statistical Process Control data) emerged as the most 
influential feature, suggesting that deviations in product quality metrics are 
strong predictors of delays. 

• HourOfDay and DayOfWeek are the next most significant features, indicating 
a potential temporal pattern in production performance, such as shifts or 
workday variations. 

• OrderTypeID contributed moderately, reflecting that certain order categories 
may be more prone to delays. 

• DefectPrediction and Urgent status had minimal to no impact, suggesting 
redundancy with other features like Measurement. An examination of the 
“Urgent” parameter revealed that the dataset contained no urgent orders at all. 
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Specifically, 100% of the records were labelled as non-urgent, and 0% were 
labelled as urgent. Because the feature exhibited no variation, it could not 
contribute any predictive signal to the Random Forest model, which explains 
why its feature importance was negligible. This also means that, in the current 
dataset, urgency cannot be evaluated as a factor influencing delay outcomes. 

These insights can inform control unit design by highlighting the most predictive 
signals that should be monitored in real-time to anticipate delays. 

4.2 Anomaly Detection 

For anomaly detection, we employed the Isolation Forest algorithm from scikit-
learn. The model was configured with 100 trees (n_estimators = 100), max_samples 
= "auto", max_features = 1.0, and a fixed random seed (random_state = 42) to 
ensure reproducibility. The contamination parameter, which controls the expected 
fraction of anomalies, was set to 0.05, meaning that approximately 5% of 
observations are treated as outliers by the model. This value was chosen as a 
conservative estimate reflecting the expectation that abnormal operating conditions 
represent only a small minority of all production states. In an unsupervised setting 
where the true anomaly rate is unknown, a fixed, low contamination level helps to 
avoid overestimating anomalies while still highlighting statistically extreme 
behaviors in the joint space of Measurement, OrderProcessingTime, and 
ManufacturingDuration. 

The scatter plot (Figure 3) visualizes the outcome of an unsupervised anomaly 
detection algorithm (Isolation Forest) applied to the manufacturing dataset.  
The points represent individual production orders, plotted using two key variables: 

• X-axis: OrderProcessingTime - the total time (in seconds) to process the 
order. 

• Y-axis: Measurement - a quality metric derived from Statistical Process 
Control (SPC), which reflects product conformity. 

Each point is colored based on the anomaly classification: 

• Red points (-1) indicate anomalies - production cases flagged as statistically 
deviant from the general pattern. 

• Blue points (1) represent normal instances. 
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Figure 3 

Anomaly Detection 

We can observe a significant number of anomalies cluster at the extremes of 
Measurement values – both near 0 (possible underperformance or missing 
measurements) and near 50+ (likely exceeding acceptable quality thresholds). 
Anomalies also appear at specific ranges of very low or high OrderProcessingTime, 
suggesting a relationship between production delays and deviations in product 
quality. The blue (normal) points are densely concentrated around a central band of 
Measurement values (~10 to ~40), showing where the model identified the most 
consistent behavior. 

The Isolation Forest model effectively isolated rare or extreme combinations of 
processing time and measurement that deviate from the bulk of manufacturing 
behavior. This approach does not require labeled data and enables early 
identification of outliers that could indicate process faults, measurement issues, or 
operational inefficiencies. 

4.3 Efficiency Optimization 

To evaluate the possibility of forecasting air consumption based on production 
metadata, we developed a regression model using a Random Forest Regressor.  
The model was trained to predict AirConsumption using operational features such 
as OrderProcessingTime, HourOfDay, DayOfWeek, and quality measurements 
(Measurement). 

After preparing and aligning the datasets via timestamp normalization, the 
regression model was trained on 80% of the data and evaluated on the remaining 
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20%. The model achieved a Mean Squared Error (MSE) of 4,269,709 and an R² 
score of 0.9991, indicating near-perfect predictive capability. These metrics suggest 
the model captured nearly all the variability in air consumption from the available 
features. 

 
Figure 4 

Actual and Predicted Air Consumption 

As shown in Figure 4, the scatter plot comparing actual and predicted air 
consumption demonstrates a strong linear alignment along the red diagonal 
reference line. This confirms that the model performs consistently across the full 
range of observed values, including low, medium, and high-consumption cases. 

The high accuracy of this model has significant implications for control unit 
optimization. By accurately estimating air consumption in advance, the system can: 

• Schedule resource allocation more effectively 

• Detect unusual consumption early (potentially flagging leaks or inefficiencies) 

• And benchmark performance across shifts or products 

These insights can support data-driven control logic adjustments to improve both 
energy efficiency and environmental sustainability in manufacturing environments. 

4.4 Prescriptive Modeling 

To explore actionable recommendations that could minimize delays in the 
production line, we developed a prescriptive model using a Decision Tree 
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Classifier. The model was trained to classify whether a production order would be 
delayed (FaultTarget) based on controllable scheduling features: HourOfDay, 
DayOfWeek and OrderProcessingTime. These features represent decision variables 
that can be adjusted by the control unit at runtime. 

 
Figure 5 

Decision Tree prescriptive model 

The resulting decision tree, shown in Figure 5, provides a hierarchical set of rules 
linking production timing and scheduling decisions to the likelihood of delays. 
While interpretable in theory, the generated tree is relatively deep (real tree depth 
was 14, however, for ease of visualization Fig. 5 was limited to depth 2), which 
reflects the model's attempt to capture fine-grained interactions between scheduling 
variables and fault patterns. The decision tree created 62 leaves with 123 total 
nodes. 

Despite its complexity, the structure reveals key insights: 

• Certain time windows during the day (as defined by HourOfDay) are 
consistently associated with a lower probability of delay, potentially aligning 
with less congested operational shifts or more efficient workforce deployment. 

• Similarly, day-of-week patterns suggest temporal bottlenecks, such as Mondays 
or Fridays, may require adjusted resource planning. 

• The Urgent flag, while a logical signal of priority, did not dominate the top 
splits, implying that urgency alone does not drive delay likelihood unless it 
interacts with timing factors. Later analysis confirmed the dataset did not 
contain any orders flagged as urgent at all. 
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To improve readability and practical implementation, further pruning or surrogate 
rule extraction (e.g., through surrogate splits or rule-based learners) could be 
performed. Nonetheless, this tree structure provides an interpretable decision logic 
framework for control units to dynamically adjust launch timings in response to 
predicted delay risks. 

The difference between the 98,688 samples shown in the confusion matrix (Figure 
1) and the 75,144 samples displayed in Figure 5 arises from the fact that the 
prescriptive model operates on a more restricted subset of the data. The delay-
prediction model uses all records with complete values for the features HourOfDay, 
DayOfWeek, OrderTypeID, Measurement, and DefectPrediction, resulting in 
493,440 usable samples, of which 98,688 form the 20% test set. 

In contrast, the prescriptive decision-tree model relies on a different feature set 
(HourOfDay, DayOfWeek and OrderProcessingTime) and requires complete values 
for these parameters as well as the target label. Because OrderProcessingTime is 
available for far fewer records, the resulting modelling subset is substantially 
smaller. After filtering, the dataset contains 75,144 valid samples, which explains 
why Figure 5 reports this lower value. 

Thus, both values are correct; they refer to different modelling pipelines based on 
different data-availability constraints. 

Conclusions 

This study demonstrates the practical potential of integrating machine learning 
techniques into manufacturing environments, to enhance control unit performance 
and operational efficiency. Through the OPTIMUM framework, we evaluated 
several AI-driven strategies that collectively support the intelligent automation and 
optimization of production processes. 

The results from the delay prediction model indicated that machine learning 
classifiers, particularly Random Forest, can effectively identify early indicators of 
delayed production. When using temporal and quality-related features such as 
HourOfDay, Measurement, and OrderTypeID, the model achieved a solid 
classification performance. Although the initial accuracy was moderate (68.57%), 
further feature refinement (e.g., adding OrderProcessingTime) increased the 
predictive accuracy significantly. However, we also demonstrated that such 
retrospective features must be handled with caution, when applied to future or real-
time prediction scenarios. 

The anomaly detection model, based on Isolation Forest, successfully flagged rare 
and extreme production scenarios that may otherwise go unnoticed. These 
anomalies correlated strongly with both high and low extremes in processing time 
and quality measurement, providing a valuable diagnostic layer for identifying 
inefficiencies, defects, or data quality issues. Importantly, this unsupervised 
approach required no labeled data, making it immediately applicable in industrial 
environments where ground truth is scarce. 
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The efficiency optimization model, built using Random Forest regression, showed 
excellent predictive capacity for estimating air consumption from production 
metadata, achieving an R² score of 0.9991. This outcome emphasizes that AI can 
support energy efficiency by accurately forecasting resource needs in advance, thus 
enabling proactive planning, anomaly detection, and sustainability-oriented process 
tuning. 

The prescriptive decision tree model provided interpretable rules linking production 
scheduling decisions (e.g., HourOfDay, DayOfWeek) with the probability of delays. 
While the raw tree was complex, pruning and rule extraction revealed actionable 
insights that can guide control units in dynamically optimizing production timing. 
This enhances decision-making by not only predicting potential faults but also 
suggesting how to avoid them. 

While the presented models demonstrate promising performance on the available 
production dataset, their generalizability to other manufacturing environments 
requires careful consideration. The models were trained on data originating from a 
specific type of production line with a well-defined process structure and sensor 
configuration; therefore, their performance is expected to depend on the similarity 
of operational conditions in other plants. Features such as OrderProcessingTime 
and ManufacturingDuration are highly context-dependent, and their predictive 
value may vary across industries where workflow stages, cycle times, and machine 
utilization patterns differ. For broader applicability, the models would require re-
training or fine-tuning using local operational data to capture plant-specific 
characteristics. 

From a deployment perspective, practical integration into existing control systems 
requires addressing data availability and quality constraints. In an operational 
deployment, ensuring robust timestamp logging and consistent data capture would 
be essential for reliable model inference. Moreover, the high-class imbalance 
observed in the delay prediction task (86.39% on-time vs. 13.61% delayed) implies 
that real-time systems must incorporate mechanisms to handle rare events, such as 
threshold tuning, cost-sensitive learning, or periodic model recalibration. 

Another practical consideration is model drift. Industrial processes evolve due to 
maintenance activities, tooling changes, seasonal demand shifts, or workforce 
variations. Therefore, any deployed model should be accompanied by continuous 
monitoring, periodic revalidation, and automated retraining pipelines. Integrating 
the models into a digital-twin framework could further support real-time adaptation, 
allowing models to learn from ongoing process changes and simulate alternative 
scheduling or resource-allocation strategies before applying them. 

Despite these challenges, the modular structure of the OPTIMUM framework 
supports practical deployment. Each model (delay prediction, anomaly detection, 
efficiency forecasting, and prescriptive decision-making) can be implemented 
independently or combined into a unified decision-support layer. This modularity 
facilitates incremental adoption in industrial settings, starting with anomaly 
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detection or forecasting and later expanding toward more advanced prescriptive 
control. With appropriate data governance, monitoring, and iterative retraining, the 
proposed models have the potential to scale effectively across different production 
environments and support data-driven operational decision making. 

Together, these results affirm that machine learning can meaningfully contribute to 
the optimization of control logic in production environments. By combining delay 
prediction, anomaly detection, energy consumption forecasting, and prescriptive 
modeling into a unified pipeline, the OPTIMUM project presents a scalable and 
modular AI framework applicable across manufacturing domains. 

Future work will focus on deploying these models in real-time systems and 
extending their capability with reinforcement learning and digital twin integration. 
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The data will be available after the acceptance of the paper in a public repository 
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