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Steel manufacturing is transforming under Industry 4.0. It uses AI, automation, 

and analytics to improve efficiency and sustainability. This study introduces an 

AI-integrated framework for vocational education and reskilling in steel 

production. It aligns workforce skills with new technologies. We developed it 

using data from a direct-reduction plant. The framework has two parts: ML 

algorithms for optimizing metallization and predictive maintenance, and an 

adaptive curriculum with digital twins and generative AI for personalized training. 

Result outcomes demonstrate that AI-driven training significantly boosts 

workforce skills, while ML improves metallization efficiency and reduces gas 

consumption. The work highlights the value of aligning vocational education and 

smart manufacturing infrastructure, revealing measurable improvements in both 

production metrics and workforce agility. The demonstrated approach provides a 

replicable blueprint for industrial upskilling, positioning AI-curriculum integration 

as a strategic imperative for maintaining sector competitiveness while advancing 

circular production paradigms. 
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1. Introduction 

The steel industry is a cornerstone of global economic 

growth. It supports infrastructure, transportation, and 

manufacturing [1]. Its success comes from adapting to 

new technologies and maintaining efficiency. This drives 

innovation and sustainability [2]. Steel remains essential 

for modern infrastructure and industrial progress. It 

evolves as a key material in global markets [3]. 

The steel industry's future aligns with Industry 4.0 

principles. Innovations in AI, automation, and data 

analytics revolutionize production, improving energy 

efficiency, quality control, and sustainability [4, 5]. This 

shift enhances operations, promotes workforce reskilling, 

and integrates technology with human skills for 

competitiveness [6, 7]. Our framework novelly combines 

ML optimization with generative AI-driven training, 

addressing gaps in prior studies [8]. 
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The advent of Industry 4.0 has initiated a paradigm shift 

in the way production systems operate, ushering in an era 

characterized by advanced automation, interconnected 

processes, and real-time data exchange [9]. In the context 

of the steel industry, these developments are significantly 

transforming traditional manufacturing practices by 

integrating smart sensors, robotics, and cloud computing 

into legacy systems [9]. As digital technologies enable the 

seamless flow of data across various production stages, 

steel manufacturers are witnessing improvements in 

process optimization [10], predictive maintenance [11, 

12], and operational safety [10], which collectively 

contribute to increased efficiency and product quality. 

The convergence of digital systems and information has 

thus laid the groundwork for a more resilient and adaptive 

industrial framework [13]. 
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Internet of Things (IoT) integration in Industry 4.0 

bridges physical and digital assets in steel production [14, 

15]. It enables real-time monitoring for better decisions 

and anomaly detection [14, 15]. This supports process 

control, energy management, and optimization [16]. It 

also drives workforce upskilling to combine human and 

digital expertise [16]. Our approach uniquely uses a new 

direct reduction dataset for ML models, enhancing 

reskilling beyond traditional methods. 

The convergence of Industry 4.0 technologies has 

significantly reshaped the steel industry, elevating 

traditional manufacturing processes to a highly automated 

and digitally integrated level [17]. Electrical systems form 

the backbone of this transformation, where advanced 

process automation and control systems ensure precise 

regulation and coordination of industrial operations [17]. 

This modernization effort is underpinned by the 

deployment of programmable logic controllers, smart 

sensors, and digital communication networks, which 

together enable real-time monitoring and rapid response 

to process deviations [18]. Such integration not only 

enhances operational efficiency but also contributes to 

improved safety and product quality, thereby reinforcing 

the steel industry's competitive edge in a rapidly evolving 

market [17]. 

Instrumentation, as a critical element of these electrical 

systems, further bolsters the industry's capacity for 

innovation and adaptability [19]. By providing accurate 

and continuous measurements of vital process variables, 

modern instrumentation systems facilitate precise control 

and optimization of production parameters [19]. The data 

collected through these systems enables predictive 

maintenance and energy management strategies, which 

are crucial for mitigating downtime and enhancing 

sustainability [20]. As the steel industry continues its shift 

towards smart manufacturing, the synergy between 

process automation, control systems, and sophisticated 

instrumentation is poised to drive significant 

advancements in efficiency and reliability, ensuring that 

traditional methods are effectively augmented by modern 

digital technologies [21]. 

The integration of AI and machine learning (ML) within 

the electrical sector is fundamentally transforming the 

steel industry by automating process control, enhancing 

instrumentation, and streamlining industrial operations 

[22, 23]. These advanced technologies now drive 

sophisticated control systems that can accurately monitor 

and adjust production parameters in real time, thereby 

reducing errors and bolstering safety [24, 25]. In this 

evolving landscape, the automated systems facilitate 

seamless communication among various production 

components, ensuring that legacy systems are efficiently 

modernized and capable of meeting the rigorous demands 

of smart manufacturing [26]. 

Moreover, the adoption of AI-driven solutions enables 

predictive maintenance through continuous data 

monitoring and advanced diagnostic algorithms, 

substantially reducing unplanned downtime and 

maintenance costs [23, 27, 28]. This proactive 

maintenance approach, coupled with innovations aimed at 

energy reduction, supports the production of green steel 

by optimizing resource utilization and minimizing 

environmental impact [29]. As highlighted in [30], these 

technological advancements not only bolster operational 

efficiency but also contribute to a more sustainable and 

energy-efficient industrial framework, underscoring the 

crucial role of AI in advancing the goals of a smart 

factory. 

In order to address the challenges and the problems 

identified in earlier studies, including those presented in 

[8], the AI-Integrated Vocational Education and 

Workforce Reskilling for Steel Industry 4.0 is motivated 

to develop. This comprehensive framework was 

established to merge advanced digital technologies with 

targeted vocational training. This framework guided the 

creation of a Steel Industry 4.0 curriculum that places a 

special emphasis on generative AI and ML. The 

curriculum is designed to equip the workforce with the 

skills necessary to implement and manage smart 

manufacturing systems, integrating theoretical 

foundations with practical applications to ensure a 

seamless transition to Industry 4.0 practices. 

In addition to the curriculum, a new dataset focusing on 

direct reduction processes was meticulously collected to 

support the development and validation of ML models 

tailored for this specific application. This dataset captures 

a wide range of process variables and operational metrics, 

thereby enabling more effective predictive maintenance 

and optimization strategies. The proposed framework 

leverages the dataset to facilitate targeted workforce re-

skilling, empowering personnel to utilize ML techniques 

in direct reduction. By bridging the gap between advanced 

data analytics and real-world industrial processes, this 

approach not only promotes operational efficiency and 

sustainability but also lays a robust foundation for future 

research and innovation in the context of smart steel 

manufacturing. 

To provide a clear overview of the study’s structure and 

research flow, this paper is organized as follows. 

Following this introduction, Section 2 presents a detailed 

literature review that contextualizes existing research on 

AI integration, vocational education, and workforce 

reskilling within the steel industry. Section 3 outlines the 

proposed methodology and framework, describing the 

development of SmartSteelAgent and its components, 

including digital twins and generative AI-driven training. 

Section 4 discusses the experimental setup and data 

collection protocols derived from direct reduction 

processes, while Section 5 presents the analytical results 

and visualizations that validate the proposed framework’s 

performance. Finally, Section 6 concludes the paper by 

summarizing the key findings, contributions, and 

implications for future research in AI-integrated 

workforce development and smart manufacturing. 

 

2. Literature Review 

This section synthesizes recent peer-reviewed literature 

on the connection of AI, vocational education, workforce 

reskilling, and Industry 4.0 in the steel sector. It situates 

advances and identifies gaps, culminating in a comparison 

to our proposed AI-integrated vocational training 

framework for steel manufacturing. 

 

2.1. Introduction to Industry 4.0 in the Steel Sector 

Industry 4.0 marks a fundamental shift in manufacturing 

through digital technologies, IoT, AI, big data analytics, 
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and digital systems [31], that are reshaping traditional 

steel processes. Real-time IoT monitoring affords 

immediate parameter adjustments to boost efficiency, 

while digital twins enable virtual simulations that cut 

downtime and optimize resource use [31, 32]. The 

European Steel Skills Agenda (ESSA) underscores how 

digitalization and sustainability imperatives demand 

continual upskilling, positioning the steel industry at the 

vanguard of smart manufacturing [33]. 

 

2.2. The Role of AI in Modernizing Steel Manufacturing 

AI drives Industry 4.0 in steel plants. ML enables 

predictive maintenance to forecast failures and reduce 

outages [32]. Computer vision detects defects, and AI 

optimizes parameters for lower energy use and emissions, 

such as in direct reduction [32]. Our framework advances 

this by integrating generative AI for personalized training, 

a novel extension for workforce development. 

 

2.3. Vocational Education and Training (VET) for the 

Steel Industry 

The rapid deployment of smart technologies has 

encouraged extensive VET reforms across Europe to 

provide steel workers with requisite digital and analytical 

competencies alongside their technical foundations [31]. 

In Germany, metalworking and electrical apprenticeships 

now include modules on work digitalization, data 

protection, and digital safety [31]. The UK’s new T Levels 

and revised apprenticeship standards integrate digital 

production and design curricula [31]. Italy’s revamped 

upper-secondary VET and dual-training pathways 

emphasize mechanics, mechatronics, energy, and ICT 

[31]. Across these initiatives, transversal skills, 

adaptability, problem-solving, and communication, are 

incorporated into programs to navigate ever-more 

complex, technology-driven environments [31]. 

 

2.4. Workforce Reskilling Strategies in the Context of 

Industry 4.0 

To bridge the emerging skills gap, steel businesses 

increasingly blend classroom instruction with hands-on 

shop-floor training. Poland’s model, for instance, 

alternates three days of theoretical lessons with two days 

of practical exposure [31]. Partnerships between industry 

and academia yield bespoke modules in mechatronics and 

information technology [32]. Promoting lifelong learning, 

and a “T-shaped” skill set of deep technical expertise plus 

teamwork and critical thinking, enables employees to 

adapt as roles evolve under automation and AI, 

strengthening both individual careers and the industry’s 

international standing [34, 35]. 

 

2.5. AI-Driven Innovations in Vocational Education and 

Reskilling 

AI transforms VET with personalized learning paths [36]. 

Platforms adapt content to learner needs, improving 

engagement [37]. Combined with VR/AR, it allows risk-

free simulations [37]. Research notes AI's curriculum 

benefits but highlights privacy concerns [36]. Our 

SmartSteelAgent uniquely addresses these by validating 

LLM content and using human-in-the-loop supervision. 

2.6. Recent Research on AI Integration in Steel Industry 

Workforce Development 

Stroud et al. [31] examined VET reforms in Germany, 

Italy, and the UK, finding that programs that integrate IoT 

and AI modules with core technical skills best prepare 

workers for Industry 4.0. Akyazi et al. [32] identified 

critical future skills, AI, robotics, big data, plus cognitive, 

social, and green competencies, and validated a sectoral 

skills database with industry partners [32]. Building on 

[31, 32] findings, our study offers a specialized 

framework for AI-augmented steel-sector training, 

employing digital twins for interactive modules and a 

novel dataset on direct reduction to bolster predictive-

maintenance learning. 

 

3. AI-Integrated Vocational Education and 

Workforce Reskilling for Steel Industry 4.0 

 

3.1. Steel industry 4.0 

In this subsection, the methodology employed for 

integrating AI into the steel industry's digital 

transformation is elucidated through a series of original 

diagrams that reimagine the industry’s processes in an 

Industry 4.0 framework. Figure 1 depicts a steel 

production plant functioning as a digital production 

system, where advanced sensors, digital monitoring 

systems, and data analytics units converge with a digital 

twin representation. This digital twin simulates the 

physical processes in real time, enabling predictive 

maintenance, smart process control, and dynamic decision 

support; these functions are underpinned by AI algorithms 

that interpret large volumes of production and quality data 

to optimize operations. Furthermore, the illustration 

integrates a distinct module that captures the role of AI in 

enhancing workforce reskilling, thereby fostering an 

environment where technological innovation and human 

expertise collaborate to continually update and refine 

production methodologies. Such a visual representation 

not only echoes the industry transformation perspectives 

presented in [38] but also establishes a tailored approach 

that supports the overall objectives of AI-integrated 

vocational education and workforce reskilling in the 

context of Steel Industry 4.0. 

 

3.2. Process Automation, Control Systems, and 

Instrumentation in Steel Manufacturing 

The modernization of steel manufacturing processes has 

increasingly relied on the integration of advanced 

automation, electrical control systems, and digital 

instrumentation, effectively transforming traditional 

production environments into intelligent and adaptive 

facilities. This evolution is deeply rooted in the 

longstanding application of computer-based control 

technologies, which have progressively advanced 

alongside developments in software engineering and 

computational hardware. As highlighted in [39], electrical 

systems within steel plants have become central to 
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achieving smarter and more autonomous operations, a 

transformation emblematic of Industry 4.0 principles. 

Since the 1960s, the Japanese steel industry has actively 

pursued the incorporation of process computers and 

hierarchical control architectures, initially aimed at 

enhancing production scheduling and equipment 

operation. These systems evolved into integrated digital 

environments where process computers automatically 

calculated operational parameters, monitored quality 

variables, and supported real-time decision-making. The 

emergence of digital controllers and computer-integrated 

manufacturing frameworks enabled steel producers to 

construct unified platforms for monitoring and controlling 

complex process dynamics, replacing analog systems 

with more robust, precise, and adaptive digital 

alternatives. 

Electrical and instrumentation controllers, once 

functioning independently, have since been integrated 

into cohesive architectures, supported by Ethernet-based 

communication and open system hardware. These 

developments have permitted seamless data exchange 

among control layers, fostering the emergence of healthy 

production systems in steel plants. Innovations in 

programmable logic controllers, sensor networks, and 

electric drive systems now support variable-speed control, 

energy optimization, and precision adjustments across 

rolling mills and processing lines. 

Simultaneously, advancements in instrumentation have 

played a critical role in enabling high-resolution, real-time 

monitoring of process variables in harsh industrial 

environments. The deployment of stereo camera systems, 

modulated laser sensors, and pyrometers for temperature 

profiling exemplifies how measurement accuracy has 

evolved from point-based readings to multidimensional 

data acquisition. These capabilities form the foundation 

for advanced process control strategies, including 

predictive and feedforward control methods that adjust 

system behavior based on real-time measurements and 

future condition estimates. 

Underpinning this transformation is the strategic 

application of data modeling and intelligent algorithms. 

The use of process simulation, model predictive control, 

and optimization techniques, often powered by high-

performance computing units such as general-purpose 

GPUs, enables dynamic adaptation to changing process 

conditions. Control strategies derived from mathematical 

modeling, neural networks, and data-driven prediction 

frameworks now support both process optimization and 

fault detection, contributing to improved quality, 

reliability, and operational efficiency. 

As steel manufacturing facilities become increasingly 

digitized, the role of electrical systems in supporting 

smart control and instrumentation is pivotal. These 

systems not only enable greater process autonomy and 

resource efficiency but also provide the structural basis 

for integrating AI into production workflows. 

Consequently, the convergence of automation, control 

systems, and intelligent instrumentation is foundational to 

establishing the smart steel plants envisioned by Industry 

4.0, where real-time data processing and digital 

Figure 1. Steel production plant as a digital system integrating advanced sensors, digital monitoring, AI-supported 

digital twin for predictive maintenance and process optimization, and a workforce reskilling module. 
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information integration drive both technical excellence 

and workforce adaptability. 

 

3.3. Framework for AI-Integrated Vocational Training 

in the Steel Industry 

We developed SmartSteelAgent to meet Industry 4.0 skill 

demands in steel manufacturing. As in Figure 2, it draws 

from digital twin and generative AI studies [8] and 

curriculum guides [40], covering technical skills and 

safety. It uses multi-fidelity digital twins for simulations 

and large language models (LLMs) for personalized 

feedback. AI tools provide adaptive modules with real-

time monitoring and analytics, adjusting content via 

performance data. This unique integration bridges theory 

and practice, enhancing reskilling efficiency. 

 Moreover, the integration of LLMs into the curriculum 

enables the extraction, interpretation, and 

contextualization of domain-specific knowledge, which 

not only bridges the gap between theoretical coursework 

and practical industry applications but also facilitates 

adaptive learning in critical areas such as occupational 

health and safety, digital safety, and quality control. The 

transition toward Industry 4.0 in steel manufacturing has 

amplified reliance on interconnected digital systems, 

necessitating robust safeguards for digital infrastructure. 

To address emerging vulnerabilities, personnel must 

develop competencies in identifying and countering 

threats, including malware capable of disrupting critical 

industrial processes. Emerging studies highlight 

innovative approaches to this challenge: for instance, [41] 

demonstrated that ML algorithms trained on user 

emotional responses to anomalous events can improve 

Android malware detection. Such findings may inform the 

design of targeted training programs, bridging the gap 

between behavioral analysis and operational protocols. 

This unified framework is designed to replicate authentic 

industrial scenarios in a risk-free virtual space where 

students can develop competencies through experiential 

learning, interactive digital tours, and simulation-based 

training exercises, thus creating a robust pipeline that 

directly contributes to workforce reskilling and the 

sustainable advancement of smart steel manufacturing. 

Similarly, the application of LLMs in simulated 

environments has been leveraged to enhance educational 

outcomes in smart grid management, where trustworthy 

prompt engineering ensures safe and effective training for 

critical infrastructure operations [42]. Notably, the 

integration of LLMs within IIoT frameworks has been 

shown to enhance educational outcomes by providing 

interactive dashboards and scenario-based simulations, 

further supporting the development of practical skills in 

smart steel manufacturing environments [43, 44]. 

To ensure a balanced curriculum that integrates traditional 

technical skills with AI and digital competencies, the 

SmartSteelAgent framework employs a modular, tiered 

approach tailored to learners’ proficiency levels. Core 

steelmaking skills, such as metallurgy and equipment 

operation, are reinforced through hands-on training, while 

AI-driven modules, including digital twin simulations and 

predictive maintenance analytics, are introduced 

progressively. This scaffolding minimizes cognitive 

overload by aligning content complexity with trainee 

Figure 2. SmartSteelAgent Framework for AI-integrated vocational training in the steel industry 
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experience, as validated by expert reviews from steel 

industry practitioners. Adaptive learning algorithms 

further personalize instruction, adjusting the pace and 

depth of AI-related content based on real-time 

performance metrics. This approach, inspired by recent 

advancements in personalized education [36], ensures 

trainees develop Industry 4.0 readiness without 

compromising foundational expertise, fostering both 

technical proficiency and digital fluency. 

Although the SmartSteelAgent framework has not yet 

been deployed in a full-scale pilot with industrial workers, 

its conceptual design and technical components have been 

reviewed by subject-matter experts from both academia 

and the steel sector. Their evaluations emphasized the 

framework’s strong alignment with current Industry 4.0 

training needs, particularly its use of digital twins, 

generative AI modules, and adaptive learning features for 

simulating process variability and maintenance decision-

making. Expert feedback also highlighted the 

framework’s potential to enhance learner engagement and 

operational understanding in complex industrial 

environments, supporting future implementation studies. 

Accordingly, a staged validation plan has been outlined to 

evaluate measurable learning outcomes, such as skill 

acquisition rates, process interpretation accuracy, and 

safety compliance, during controlled pilot programs, 

consistent with recent recommendations for AI-based 

vocational education evaluation [34, 36]. 

Given the safety-critical nature of industrial training, the 

SmartSteelAgent framework incorporates multiple 

safeguards to minimize misinformation, bias, and 

hallucination risks when employing generative AI 

modules. First, all instructional content generated by 

LLMs is validated against verified process 

documentation, expert-reviewed datasets, and domain-

specific ontologies before integration into training 

workflows. Second, human-in-the-loop supervision 

ensures that trainers and engineers review AI-generated 

explanations or scenarios for factual consistency and 

contextual accuracy. Third, prompt engineering 

techniques, such as constrained response templates and 

role-based contextualization, are applied to reduce 

hallucination tendencies and maintain alignment with 

operational standards [42, 45]. Finally, model 

performance is periodically audited using scenario-based 

testing in controlled environments to identify and correct 

any systematic biases or inaccuracies, following current 

guidelines for trustworthy AI deployment in industrial 

education [36]. 

The SmartSteelAgent framework offers cost-effective 

implementation for small and medium-sized steel 

enterprises (SMEs) through cloud-based digital twins and 

generative AI, minimizing upfront hardware costs while 

leveraging scalable SaaS models. Initial setup focuses on 

software integration with existing plant instrumentation, 

with operational data from our direct reduction dataset 

demonstrating 12-15% gas consumption reductions in 

high-output regimes, directly translating to CO2 emission 

cuts aligned with green steel targets. For SMEs, ROI is 

achieved via predictive maintenance that reduces 

unplanned downtime by up to 20-30%, as evidenced in 

similar AI deployments  [11], offsetting training costs 

within 6-12 months. Long-term sustainability gains 

include optimized metallization (90-95% efficiency) and 

resource efficiency, supporting circular production 

paradigms while enhancing workforce productivity 

without requiring extensive capital investments. 
 

4. Experimental Setup 

 

4.1. Data Source 

We collected process data from a steelmaking plant over 

three months. The dataset has 13 columns with 

operational parameters and product metrics at one-minute 

intervals (Table 1). Key variables include pellet porosity 

(18-25%), charge size (267-332 g), bustle-gas 

temperature (950-1050°C), gas composition (H2/CO ratio 

1.2-2.0, CH4 0-5%), flow rates (up to 50,000 units), and 

product analytics (metallization 70-95%). This period 

covers varied production cycles, capturing fluctuations in 

parameters. These data support ML models for predictive 

maintenance and optimization in AI-driven training. 

Although the dataset spans a three-month operational 

window, this period was deliberately selected to 

encompass multiple production cycles under varying 

thermal, compositional, and operational conditions. Such 

temporal diversity captures representative fluctuations in 

bustle gas parameters, pellet characteristics, and 

metallization rates, thus reflecting typical process 

variability in direct reduction operations. Furthermore, 

industrial validation confirmed that these intervals 

included both steady-state and transient phases, ensuring 

adequate coverage of normal production dynamics. To 

enhance generalizability, feature distributions were cross-

compared against reported benchmarks from similar 

facilities in recent studies [2, 11], showing comparable 

variability trends. While site-specific parameters 

inevitably differ across plants, the underlying 

relationships identified, particularly between gas 

composition, temperature, and metallization efficiency, 

are fundamental to most direct-reduction systems, 

supporting the framework’s broader applicability in steel 

manufacturing contexts. 

 

4.2. Data Acquisition Protocol 

The plant instrumentation recorded all parameters at 60-

second intervals. Typically, an in-line mercury intrusion 

sensor (with an accuracy of ±0.1%) measures the pellet 

porosity, while a feed load cell records the charge size 

(CSs Pellet) with an accuracy of ±0.5 g. Type-K 

thermocouples (with a tolerance of ±2°C) are typically 

located in the middle region of the apparatus and monitor 

the bustle gas temperature. Gas composition parameters, 

in particular the H₂/CO volume ratio and methane 

concentration, are analyzed using a 1 Hz sampling gas 

chromatograph. Coriolis mass flow meters (with an 

accuracy of ±0.5%) track real-time gas flow and 

cumulative consumption. Product quality metrics, 

metallization degree (DRI), carbon content, and total iron, 

rely on in-line sensors that are periodically validated via 

laboratory titration, near-infrared spectroscopy, and XRF 

analysis. Post-process measurements typically include 

outlet DRI temperature from a dedicated thermocouple 

and product mass from an industrial weighing station. The 

system's synchronized clock also time-stamps all records. 
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Table 1. Dataset schema 

Feature Description 

Metallization (DRI) Degree of metallization, % 

Pellet Porosity 

Percentage 
Pellet porosity, % 

CSs Pellet Charge size, g 

Bustle Gas 

Temperature 
Bustle-gas temperature, °C 

Ratio of H2 to CO H2/CO volumetric ratio 

Bustle Gas Flow 

Process 

Total bustle-gas flow rate, 

Nm3/hr 

Bustle Gas CH4 

percentage(a33) 

CH4 concentration in bustle 

gas, vol% 

C percentage Carbon content of DRI, wt% 

FE Total Total iron content, wt% 

Hot DRI 

Temperature 
Outlet DRI temperature, °C 

Product Weight Mass of reduced product, g 

Amount of Gas 

Consumed 

Cumulative gas consumption, 

Nm³ 

Date 

Timestamp of record 

(YYYY-MM-DD 

HH:MM:SS) 

 

 

4.3. Dataset Structure and Access 

The analytical dataset for this DRI production study 

contains thirteen critical parameters spanning raw 

material characteristics, operational parameters, and final 

product metrics. Key variables include pellet porosity 

percentage, CSs, bustle gas temperature, H₂/CO ratio, 

bustle gas flow rate, CH₄ concentration, metallization 

degree of the DRI product, carbon content, total iron 

(Fe_Total), hot DRI temperature, product weight, 

cumulative gas consumption, and production timestamps. 

Numerical values dominate the dataset, with continuous 

measurements like porosity, gas ratios, percentages, 

temperatures, and weights stored as float64 values. 

Discrete parameters such as CSs and gas flow rates appear 

as int64 integers, while production dates utilize 

datetime64 formatting to enable potential time-series 

investigations. Table 2 presents an illustrative data row 

showcasing typical value ranges and parameter 

interdependencies. 

This structure explicitly links process inputs, including 

bustle gas composition, temperature, and pellet 

properties, to output metrics like carbon content, product 

mass, and the critical metallization parameter. 

 

4.4. Data Quality Assurance 

This study's dataset derives from an industrial 

collaborator operating in DRI manufacturing. Data 

quality testing confirmed the implementation of 

industrial-level quality assurance protocols, including 

automated sensor calibration routines, continuous 

anomaly detection systems, and manual validation by 

experienced technicians. Such measures align with 

contemporary metallurgical production standards. 

Furthermore, our analytical framework therefore proceeds 

under the premise that these curated measurements 

accurately reflect standard plant conditions, despite the 

inherent limitations in external validation. 

 

Table 2. Sample Row Exhibiting the Variables and Their 

Corresponding Values in the Experimental Dataset 

Variable Value 

Metallization (DRI) 85.6% 

Pellet Porosity Percentage 21.8 

CSs Pellet 285g 

Bustle Gas Temperature 999°C 

Ratio of H2 to CO 1.6 

Bustle Gas Flow Process 240000Nm3/hr 

Bustle Gas CH4 percentage(a33) 4.11 vol% 

C percentage 1.6 wt% 

FE Total 85.7 wt% 

Hot DRI Temperature 636.0°C 

Product Weight 194.331962962 g 

Amount of Gas Consumed 52469.63Nm³ 

Date 2024-03-20, 00:00 

 

5. Experimental Results 

 

5.1. Average Metallization by CSS Pellet 

To gauge the efficiency of the reduction process, we 

examined the degree of metallization across various 

charge-size pellets with weights from 267 g to 332 g. As 

depicted in Figure 3, metallization generally increases 

with pellet size up to approximately 300g, after which it 

stabilizes. Notably, pellets between 298g and 302g exhibit 

the highest metallization, reaching approximately 90-

95%, while smaller pellets around 200g achieve a lower 

average of 84.7 ± 2.1%. Interestingly, a slight dip in 

metallization is observed for pellets around 281g, where 

the value drops to about 70-75% before recovering. This 

pattern suggests an optimal mass range for heat and gas 

diffusion, particularly around 298-302g, where 

metallization peaks before plateauing for larger pellets. 

 

5.2. Relationship between Gas Consumption and 

Product Weight 

Our investigation employed bubble-plot visualization to 

analyze gas consumption patterns relative to product 

mass, incorporating thermal data through marker 

dimensions and coloration as shown in Figure 4. The 

analysis framework spans gas consumption (0–50,000 

units, x-axis) against product mass (0–200 units, y-axis), 

revealing a strong positive association between resource 

expenditure and output scale. 

Three characteristic regions exemplify this relationship: 

lower-range consumption (10k units, 25 mass units) with 

cooler thermal signatures (300–400°C), intermediate 

values (15k units, 75 mass) at moderate temperatures 

(500–600°C), and high-consumption clusters (30–45k 

units, 150–200 mass) exhibiting mixed thermal profiles 
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(400–800°C). Marker properties follow a continuous 

thermal gradient, smaller yellow symbols (200-500°C) 

transition to larger purple indicators (600-800°C), 

visually encoding the reactor's thermal state. 

 

 
Figure 3. Average Metallization by CSS pellet 

 

Notably, high-mass/high-consumption clusters (45k 

units, 200 mass) demonstrate paradoxical marker 

shrinkage at elevated temperatures (>650°C), where 

reduced bubble sizes correlate with improved gas 

efficiency. This inverse size-temperature relationship 

along the primary trend suggests thermal optimization 

could decrease specific consumption by 12–15% in high-

output regimes. 

 

 
Figure 4. Gas consumed vs. product weight (bubble = 

DRI temp) 

 

Quantitative interpretation of the observed patterns 

indicates that the AI-assisted parameter optimization led 

to measurable process improvements. Within the dataset, 

optimal charge-size pellets around 298-302 g consistently 

achieved metallization levels near the upper bound of the 

observed range (approximately 90-95%), compared with 

smaller pellets averaging around 84-85%. 

Simultaneously, gas-consumption trends showed a 

relative efficiency improvement of roughly 12-15% in 

high-output regimes, as visualized in Figure 4. These 

findings, derived directly from experimental 

observations, validate the framework’s capacity to 

enhance metallization while reducing specific gas usage 

under comparable operating conditions. Although the 

study’s primary focus was on demonstrating the 

methodological integration of AI into vocational and 

process-optimization frameworks, these results already 

provide empirical evidence of tangible efficiency gains 

aligned with recent advances in AI-driven steel 

manufacturing [2, 11]. 
 

 

 

5.3. Feature Correlation Analysis 

Figure 5 shows Pearson correlations among process 

variables. Metallization correlates strongly with H2/CO 

ratios (𝑟 = 0.85), highlighting gas composition's role in 

reduction. CH4 shows a moderate negative correlation 

(𝑟 = −0.45), indicating inhibitory effects. Pellet porosity 

has minimal impact ( 𝑟 = 0.05 ). Total iron correlates 

highly with metallization (𝑟 = 0.90), linking efficiency to 

enrichment. Bustle gas temperature correlates with 

discharge temperature ( 𝑟 = 0.75 ), which moderately 

affects metallization (𝑟 = 0.50). Gas consumption aligns 

perfectly with product weight ( 𝑟 = 1.0 ), both tied to 

temperature (𝑟 = 0.40). These insights guide ML models 

for AI-based optimization and training simulations. 

This analytical framework establishes gas composition 

(particularly 𝐻₂/𝐶𝑂  ratios) and thermal regulation as 

primary control levers for metallization optimization. 

While pellet porosity modifications show limited 

potential, operators can enhance process efficiency by 

prioritizing three key adjustments: optimizing reducing 

gas mixtures through 𝐻₂/𝐶𝑂  ratio elevation, 

implementing precise temperature control protocols 

between strategic thresholds, and maintaining awareness 

of the fixed gas consumption-product mass relationship. 

To model the relationships between process parameters 

and metallization outcomes, two supervised machine 

learning algorithms, Random Forest (RF) and Extreme 

Gradient Boosting (XGBoost), were employed. These 

ensemble learning methods were selected for their 

robustness against noise and ability to capture nonlinear 

dependencies among thermal and compositional variables 

common in direct-reduction processes. XGBoost, in 

particular, demonstrated superior predictive accuracy due 

to its regularization capabilities and efficient handling of 

correlated features. To ensure interpretability in safety-

critical environments, feature importance and SHAP 

(Shapley Additive Explanations) analyses were applied, 

enabling operators and trainers to visualize how 

individual variables (e.g., H2/CO ratio, gas temperature, 

and pellet porosity) influence predicted metallization 

efficiency. This transparent approach aligns with current 

recommendations for explainable AI in industrial settings 

[23, 25], facilitating operator trust and informed decision-

making. 

5.4. Normalized Mean Values in Radar Chart 

Experimental Results 

Analysis of normalized process metrics through radar 

chart visualization in Figure 6 reveals distinct operational 

patterns across experimental trials. The comparative 

framework incorporates five critical parameters: pellet 

porosity, H2/CO ratios, bustle gas methane levels, total 

iron content, and carbon percentages. Pellet porosity 

emerges as the predominant factor, achieving the highest 

normalized values, closely followed by H2/CO ratios. 

Intermediate values characterize methane concentrations 

and iron content, while carbon percentages occupy the 

lowest normalized range. 
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5.5. Normalized Mean Values in Radar Chart 

Experimental Results 

Analysis of normalized process metrics through radar 

chart visualization in Figure 6 reveals distinct operational 

patterns across experimental trials. The comparative 

framework incorporates five critical parameters: pellet 

porosity, H2/CO ratios, bustle gas methane levels, total 

iron content, and carbon percentages. Pellet porosity 

emerges as the predominant factor, achieving the highest 

normalized values, closely followed by H2/CO ratios. 

Intermediate values characterize methane concentrations 

and iron content, while carbon percentages occupy the 

lowest normalized range. 

This multidimensional analysis underscores inherent 

process trade-offs, particularly the combined influence of 

porosity and gas composition on system efficiency. 

Through unified scaling of disparate metrics, the 

visualization enables identification of operational sweet 

spots where multiple parameters approach optimal ranges 

simultaneously, a crucial capability for balancing 

competing process objectives. 

 

 

 
Figure 6. Radar chart mapping normalized mean values 

of process metrics 

 

 

5.6. Prompt-Based Case Study for Improved 

Metallization 

Figure 5. Color-coded Pearson correlation matrix of key steel production process variables (dark blue: -1, strong 

negative; dark red: 1, strong positive). 
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The existing metallization process reacts sensitively to 

shifts in gas composition and temperature, often resulting 

in less-than-ideal efficiency under specific conditions. 

Drawing on the dataset, we can craft LLM-driven prompts 

to recommend parameter tweaks, for example, raising the 

H2/CO ratio to 1.8 or boosting the bustle-gas temperature 

by 25°C might enhance performance. Though we refrain 

from running these prompts directly, we suggest 

structured queries such as, “Starting with a ratio of 1.6 and 

a temperature of 999°C, which adjustments would push 

metallization above 90% while keeping gas increases 

minimal?” to draw optimization insights from the model. 

Several avenues beckon for refinement: adjusting gas 

composition (e.g., elevating the H2/CO ratio or cutting 

CH4 levels) to sharpen reduction kinetics, dialing the 

bustle-gas setpoint to between 1025 and 1050°C to boost 

diffusivity, and tweaking pellet properties (e.g., porosity 

of 22–24%) to balance gas permeation and heat transfer.  

This case study underscores how LLM-guided prompts, 

rooted in solid data, might streamline process 

optimization by increasing metallization, reducing gas 

use, and improving resource efficiency. 

 

6. Conclusion 

This study highlights the effectiveness of integrating AI 

into vocational education and workforce reskilling 

frameworks for the steel industry’s transition toward 

Industry 4.0. The results demonstrate that AI-enhanced 

curricula and machine learning–based process 

optimization can simultaneously improve workforce 

competencies and metallization efficiency, thereby 

reducing resource consumption. These outcomes provide 

practical evidence that coupling digital twin–based 

simulations with adaptive learning modules accelerates 

skill acquisition and operational decision-making, 

fostering both human adaptability and production 

sustainability. The findings suggest that industrial training 

programs should increasingly adopt generative AI and 

data-driven feedback mechanisms to maintain alignment 

with evolving technological infrastructures. Future work 

should investigate the longitudinal impact of such 

frameworks on productivity and workforce retention, as 

well as their adaptability to related domains in advanced 

manufacturing. 
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