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ABSTRACT 

Industry 5.0 constitutes a significant revolution in the manufacturing sector, wherein advanced 

technologies and human-centric principles are combined to reshape processes. Machine learning (ML)-

based interfaces are crucial for this transformation, offering opportunities for optimization and 

innovation. However, Industry 5.0 presents challenges such as data complexity and interoperability. To 

address these challenges, a holistic approach is proposed, combining ML techniques with intuitive 

interfaces to establish intelligent manufacturing environments. Predictive maintenance algorithms 

optimize equipment performance and minimize downtime, whereas intuitive interfaces facilitate seamless 

human-machine interaction. This system promises improved operational efficiency, enhanced quality, and 

cost reduction, paving the way for a transformative Industry 5.0 paradigm. Addressing these challenges 

requires careful attention to data quality, seamless integration with existing systems, and user-friendly 

interfaces in resource-constrained environments. 

Keywords-AC/DC current; acoustic emission; data analytics; Industry 5.0; machine learning-based interfaces; 

predictive analytics; spindle motor 

I. INTRODUCTION  

Industry 5.0 [1], a fusion of advanced technologies and 
human-centered methodologies, is transforming manufacturing 
systems through the use of machine learning (ML)-based 
interfaces. These interfaces aim to optimize processes, harness 
data-driven insights, enhance decision-making capabilities, and 
drive continuous improvement. The process involves 
integrating advanced ML models with intuitive interfaces, 
allowing human operators to interact with and leverage the 
insights derived from data-driven algorithms. This shift from 
automation to collaboration is crucial for Industry 5.0.  

Industry 5.0 [2-5] refers to the transformation of the 
industrial sector, where there is a focus on collaboration 
between humans and the integration of new technologies. 
Nevertheless, ML-based interfaces encounter obstacles such as 
intricate data, compatibility, confidentiality, and security 
concerns. Data complexity and quality are crucial for effective 
ML model training and inference. Interoperability and 
integration require seamless integration with existing systems 

whereas privacy and security concerns involve protecting 
sensitive data and intellectual property. Moreover, user-friendly 
interfaces are essential for effective interaction with ML 
systems. Resource constraints and scalability are also 
challenges in resource-constrained environments. Continuous 
improvement and adaptation are essential for maintaining the 
enduring worth and relevance of ML-driven interfaces in 
Industry 5.0. 

Industry 5.0 [6-13] denotes a shift in the manufacturing 
industry that prioritizes cooperation between humans and the 
incorporation of novel technology. Nevertheless, there are 
ongoing obstacles that persist, including the intricacy of data, 
the capacity for different systems to function collaboratively, 
the protection of privacy, the connection between humans and 
machines, limitations in resources, and the need for constant 
enhancement. The complexity and quality of the data play a 
vital role in ensuring the effectiveness of training and inference 
for ML models. Interoperability and integration necessitate a 
smooth and seamless interface with pre-existing systems such 
as Supervisory Control and Data Acquisition (SCADA), 
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Manufacturing Execution System (MES), and Enterprise 
Resource Planning (ERP). Privacy and security considerations 
are equally significant, along with the interaction between 
humans and machines and the usefulness of the system. 

Using ML-based interfaces in resource-limited settings 
presents difficulties such as low prediction, inefficiency, 
downtime concerns, quality problems, and low adaptability. 
Industry 5.0 aims to increase industrial operations, streamline 
processes, and strengthen human-machine interaction. The 
suggested system offers user-friendly interfaces and ML for 
predictive maintenance, lower downtime, and more seamless 
human-machine interaction. 

Though issues including system integration, adoption 
reluctance, infrastructure dependency, and complicated human-
machine interactions persist, the Smart Manufacturing Systems 
Design (SMSD) framework, enhanced with an Augmented 
Digital Twin (ADT), advances Industry 4.0 by including 
human factors. While concerns regarding ethics, employment, 
and data security persist, the advent of the Fourth Industrial 
Revolution brought Artificial Intelligence (AI) and machine 
vision, increasing quality, satisfaction, and production. 

Industry 5.0 incorporates AI-powered systems into the 
Internet of Things (IoT) [3] to facilitate precise manufacturing 
automation and enhance cognitive abilities for problem-
solving. This paradigm connects intelligent systems and 
humans, enabling organizations to adapt quickly and 
inexpensively. IoT devices collect and transmit data without 
human interaction, providing access to information in remote 
areas and facilitating intelligent decision-making. Edge 
computing, supported by IoT devices, requires AI-based 
algorithms for processing raw data and extracting valuable 
insights. However, unstructured IoT-collected data presents 
limitations, necessitating AI models for effective analysis. 

While emphasizing in Industry 5.0, the authors in [4] 
examine the development of the human-machine relationship 
through literature review, perhaps missing more general and 
practical elements. Industry 5.0, as highlighted in [5], focuses 
on human-machine cooperation via technologies including IoT 
and robotics, although it continues to face integration issues 
and lacks exploration of emerging areas like blockchain. 
Similarly, authors in [6] propose an AI-integrated Industrial 
Internet of Things (IIoT) architecture; however, it does not 
provide thorough techniques, a detailed analysis of challenges, 
or address scalability concerns. 

Research techniques in Industry 4.0 [7] consist of 
qualitative, quantitative, and mixed approaches, each with 
natural constraints including subjectivity and rigidity. Building 
upon this foundation, Industry 5.0 [8] addresses unresolved 
issues related to standards, security, and ethics remain, while 
emphasizing on resilience and human-centric manufacturing 
using AI and digital twins. Although constrained by dataset 
biases and static data sources, the study in [9] emphasizes 
Industry 4.0's shortcomings in humanization and sustainability 
using bibliometric and content analysis. Additionally, the AIM 
framework proposed in [10] provides an innovation 
management approach, aligned with IoT and Industry 5.0, 

though it requires significant organizational changes and is 
context-specific, i.e., it differs based on the industry. 

While this approach may involve oversimplification, the 
study in [11] proposes a socio-technical analysis by examining 
the roles of AI and Virtual Reality (VR) in smart 
manufacturing. Authors in [12] explore the challenges of 
human-robot collaboration paper, but the paper lacks thorough 
solutions and cross-industry impact analysis. Similarly, authors 
in [13] promote bioenergy in Industry 5.0 through the 
utilization of algae processing and genetic engineering. 
However, thorough data and real-world examples are missing. 
The MISI-5.5 framework proposed in [14] combines IoT and 
AI with daily life and Industry 5.0; however, it lacks details on 
implementation and obstacles. Furthermore, the literature 
review in [15], based on an analysis of 89 papers, evaluates the 
influence of Industry 4.0 on sustainable manufacturing, 
highlighting research gaps. 

Industry 5.0 [16, 17] emphasizes personalized 
manufacturing and human-machine synergy, while also raising 
important concerns related to high expenses, data security, and 
worker upskilling requirements, Authors in [18] and [19] 
examine technology and patent trends from past revolutions to 
Industry 4.0, although their work may oversimplify the 
complexity inherent in intellectual and technological 
advancement. 

Authors in [20] examine Technology 5.0, which combines 
IoT, AI, and smart manufacturing advancements; however, the 
work lacks comprehensive evaluations of AI techniques, 
practical outcomes, and scalability. Despite challenges related 
to complex language and specialized industrial applications, 
ChatGPT [21] signifies a transformation of linguistic 
intelligence in the domain of human-machine interaction. 

Authors in [22] highlight the integration of IoT across value 
chains to enable smart factory operations within the Industry 
4.0 framework. However, their review lacks depth regarding.  

Authors in [23] advocate for Industry 5.0, emphasizing 
human-centric cooperation with AI, though it demands 
technical expertise, financial investment, and specialized 
training. Authors in [24] examine the secure cyber-physical 
integration for improved automation is reshaping 
Manufacturing Execution Systems (MES), aligning with 
Industry 4.0 trends. 

II. PROPOSED METHODOLOGY 

Using the UC Berkeley milling dataset from NASA's 
Prognostics Centre of Excellence [25], we are focusing on the 
development of an ML model for anomaly detection in metal 
machining operations. Following a summary of the milling 
process, we thoroughly examine the dataset. The proposed 
system, illustrated in Figure 1, aims to enhance manufacturing 
infrastructure through the integration of ML and human-centric 
interfaces, thereby facilitating a smarter and more adaptable 
environment. ML-based predictive analytics, a fundamental 
component, uses classification and anomaly detection to 
forecast failures, maximize maintenance schedules, and lower 
downtime by examining historical sensor and machine data. 
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Fig. 1.  Proposed system architecture. 

A. Data Collection and Exploration 

It is essential to perform a thorough exploration of the data 
prior to constructing an ML model for anomaly identification 
in metal machining operations, utilizing the UC Berkeley 
milling dataset. This entails being acquainted with the data's 
structure, comprehending its storage method (e.g., in a database 
or array), and determining the location of metadata such as 
timestamps and labels. This fundamental comprehension of the 
structure and composition of the data will serve as the basis for 
the construction of future models. 

B. Data Structure 

The scipy.io module and the loadmat function can be 
utilized to access and load the UC Berkeley milling dataset, 
which is stored in a structured MATLAB array. This facilitates 
the process of obtaining and utilizing the dataset in Python. 

C. Metadata and Labels 

The UC Berkeley milling data collection consists of sixteen 
examples of milling equipment cutting metal. It was curated 
using six cutting criteria, and the accompanying documentation 
includes comprehensive metadata. Understanding this 
information is crucial to comprehending the features and 
context of the milling data. Key metadata elements include: 

 The type of metal: steel or cast iron, denoted by the 
numbers 1 and 2, respectively. 

 Cutting depth: 0.75 mm or 1.5 mm.  

 Feed rate: 0.25 mm/rev or 0.5 mm/rev.  

The UC Berkeley milling dataset [25] includes 167 cuts, 
ranging from tool initiation to wear, and 16 instances with 
varying cutting settings. The flank Wear Measurements (VB) 
categorize cuts as healthy, worn, or deteriorated to evaluate 
tool performance over time. To obtain thorough knowledge of 
machining processes and tool conditions, six signals were 
recorded each cut: vibration (spindle and table), AC/DC 
spindle motor current, and acoustic emission (spindle and 
table). 

With each cut consisting of 9000 sample points, the signals 
in the UC Berkeley milling dataset were gathered at 250 Hz, 
for a total signal duration of 36 s. The metadata and labels were 
extracted from the numpy array and subsequently organized 
into a pandas dataframe called df_labels. This dataframe was 
carefully selected to include the relevant label information for 
further study. 
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D. Data Visualization 

Visualizing the dataset's properties is essential for 
understanding its characteristics and identifying potential 
problems. Each of the 167 cuts was closely examined for 
irregularities. Using Seaborn and Matplotlib, a visual 
representation of a "normal" cut—cut number 167—was 
produced, offering a thorough rundown of the characteristics of 
the data, as shown in Figure 2. The smcAC measurement 
exhibits the most significant and regular variation, whereas 
smcDC shows a distinct change in state early on. The other 
measurements (vib_table, vib_spindle, AE_table, and 
AE_spindle) remain relatively stable throughout the period. 
This visualization could be useful for detecting abnormalities 
or patterns by comparing the different measurements and their 
changes over time. 

 

 
Fig. 2.  Visualization of sensor data for cut number 167 to detect 
abnormalities. 

A visualization of the present signals for cut 18 (Figure 3) 
reveals smcAC and smcDC activity. While the smcAC signal is 
mostly inactive until a large, symmetrical spike appears near 
the end, with a magnitude about 10¹¹, the smcDC signal stays 
near zero. Emphasizing a notable anomaly in cut 18, this spike 
could suggest a major event or a potential measurement error. 

 

 
Fig. 3.  Current signal plots for cut number 18. 

Figure 4 presents a visualization of all six signals from the 
preprocessed dataset, offering clear insights into their temporal 
dynamics. Each signal—AE Spindle, AE Table, Vibe Spindle, 
Vibe Table, DC Current, and AC Current—is plotted 
separately using a cubehelix color palette. Time is displayed in 
seconds with a sampling rate of 250 Hz. This simplified 
approach increases readability and helps to detect patterns, 
anomalies, and correlations throughout the signals. 

 

 
Fig. 4.  Visualization of all six preprocessed signals. 

E. Machine Learning Algorithms 

Designing and implementing an ML-based interface for 
Industry 5.0 in manufacturing systems requires careful 
consideration of various factors such as data availability, 
computational resources, and the specific requirements of the 
manufacturing processes involved. This work suggests various 
ML algorithms: Support Vector Machines (SVM), Logistic 
Regression, Naïve Bayes, Decision Tree, AdaBoost, Bagging, 
and Stochastic Gradient Descent (SGD) Classifiers.  

SVMs are efficient for noisy, high-dimensional 
manufacturing data since they apply kernel functions for linear 
and non-linear classification. Useful for machine defect 
prediction, Logistic Regression efficiently forecasts binary or 
multi-class outcomes. Based on Bayes' theorem, Naïve Bayes 
is appropriate for real-time error classification and handles big 
data well. Decision Trees identify important elements in 
machine faults and provide clear decision paths. Focusing on 
challenging samples, AdaBoost increases fault detection by 
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combining weak classifiers. By combining classifiers trained 
on bootstrapped data, Bagging helps to reduce overfitting. 
Lastly, SGD Classifiers enable real-time defect detection by 
optimizing loss functions in dynamic, high-dimensional 
environments.  

The selection of an appropriate model depends on the 
characteristics of the data, computer resources, and accuracy 
criteria. 

III. RESULTS AND DISCUSSION 

Predictive maintenance algorithms, with the utilization of 
ML, enhance reliability and performance by facilitating early 
failure detection. This is a critical component for the seamless 
integration of machine systems in the context of Industry 5.0. 
These algorithms suggest tailored maintenance plans by means 
of historical and current data analysis, therefore maximizing 
production and prolonging machine life. Predictive analytics 
enables manufacturing systems to align with Industry 5.0 
objectives of flexibility and adaptability, helps to foresee 
failures, and reduces downtime. Predictive maintenance, 
therefore, promotes the change from reactive to proactive 
approaches, improving operational efficiency, dependability, 
and sustainability in contemporary manufacturing. 

In this section, we compute the performance in terms of 
accuracy, precision, recall and F1-score. Figure 5 illustrates a 
comparison of the algorithms in terms of F1-score, and Table I 
provides a detailed analysis of how each algorithm performed 
when tested on the preprocessed UC Berkeley milling dataset. 
According to the results in Figure 5 and Table I, the AdaBoost 
and Bagging models outperformed the others and were selected 
as the best-performing models. 

The following equations represent the formulas employed 
in performance calculations:  

Precision 
  
��

�
���
    (1) 

Recall  
  
��

�
���
    (2) 

F1 � score 
  
�∗ �� ∗ ��

�� � ��
    (3) 

Accuracy 
  
��� ��

�����������
   (4) 

where the terms true positives, true negatives, false positives, 
and false negatives are represented, respectively, by the 
symbols  �,  !, "�, and "!. Table II presents prediction times 
of various ML algorithms, computed using data obtained from 
the industry. 

 

 
Fig. 5.  F1-score comparison of ML algorithms on the UC Berkeley milling dataset. 

TABLE I.  PERFORMANCE COMPARISON OF ML 
ALGORITHMS 

Algorithm Accuracy Precision Recall F1-score 

AdaBoost classifier 0.941 0.941 0.941 0.941 
Bagging classifier 0.941 0.941 0.941 0.941 

Decision Tree 
classifier 

0.911 0.911 0.911 0.911 

Logistic Regression 0.823 0.823 0.823 0.823 
Multinomial Naïve 

Bayes 
0.735 0.735 0.735 0.735 

Linear SVC 0.647 0.647 0.647 0.647 
SGD classifier 0.323 0.323 0.323 0.323 

a. Linear SVC: Linear Support Vector Classifier. 

TABLE II.  PREDICTION TIME OF ML MODELS 

Algorithm Prediction time (s) 

AdaBoost classifier 0.023008 
Bagging classifier 0.012995 

DecisionTree classifier 0.004997 
Logistic Regression 0.003998 

Multinomial Naïve Bayes 0.004994 
Linear SVC 0.006996 

SGD classifier 0.006997 
 

Based on the above metrics, decisions can be made 
regarding the identification of the algorithm that exhibits 
superior performance. The evaluation of all algorithms is 
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conducted using these performance metrics to minimize 
downtime and production losses. 

IV. CONCLUSION 

Driven by the integration of advanced technologies, 
including Machine Learning (ML), Industry 5.0 signifies a 
paradigm shift towards cooperative and intelligent 
manufacturing ecosystems. Designing and implementing ML-
based interfaces holds great promise for transforming industrial 
processes by providing unmatched possibilities for 
optimization, creativity, and human-machine interaction. 
However, we have highlighted the need of closing the gap 
between sophisticated data analysis and user-friendly 
interaction by underscoring the relevance and challenges 
inherent in creating such interfaces. We have also emphasized 
the key part of ML algorithms in using data-driven insights to 
improve decision-making capabilities and drive continuous 
improvement in manufacturing operations. But, as Industry 5.0 
develops, issues including data complexity, interoperability, 
privacy, scalability, and resource constraints remain. 
Overcoming these obstacles necessitates a comprehensive 
strategy that prioritizes data quality, smooth integration with 
current systems, strong privacy policies, and intuitive design. 

The novelty of this work lies in the integration of self-
supervised learning and predictive maintenance algorithms 
with a human-centric interface specifically designed for real-
time anomaly detection in metal machining operations—a 
combination rarely explored in prior studies. Unlike current 
methods that tend to concentrate only on algorithm 
development or isolated system improvements, this work 
stresses a whole, user-adaptive solution that simultaneously 
enhances operational efficiency, system intelligence, and 
human-machine interaction quality. 

The proposed system offers a more comprehensive, 
scalable, and practical framework than comparable works, 
which either emphasize predictive maintenance without 
consideration for operator usability or concentrate on isolated 
signal analysis without strong ML integration. While previous 
research usually lacks the real-time visualization and adaptive 
interface components required for efficient human supervision, 
this system directly addresses these deficiencies and offers a 
more complete, Industry 5.0-ready solution to the field. By 
including ML methods with intuitive, adaptive interfaces, the 
suggested system provides a hopeful road towards smart, 
efficient, and resilient manufacturing environments. This 
strategy improves operational performance, quality assurance, 
and cost-effectiveness by using predictive maintenance 
algorithms and enabling smooth human-machine cooperation, 
therefore opening new levels of competitiveness and 
sustainability. 

Realizing the full potential of ML-based interfaces will 
depend on ongoing efforts towards innovation, cooperation, 
and continuous improvement as we negotiate the complexity of 
Industry 5.0. Diligence and foresight will help us to chart a 
path towards a more connected, smart, and resilient industrial 
scene, where people and machines work together to drive 
progress and shared prosperity. 
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