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Abstract
The presented expert text comprehensively analyses the implementation of artificial intelligence tools in industrial process control in the context of Industry 4.0. The work systematically maps the transformational potential of artificial intelligence, which, unlike conventional automation, brings the ability of adaptation, learning and autonomous decision-making to industrial systems. The study classifies and characterizes in detail the key AI tools applied in industrial settings, including machine learning for optimizing manufacturing processes, computer vision for quality control, digital twins for simulation and optimization, expert systems for decision support, and natural language processing for documentation. The text further analyses specific implementations of these tools in the automotive, process manufacturing and energy industries, focusing on the technical aspects of implementation, data infrastructure and integration with existing systems. An economic evaluation based on case studies demonstrates significant benefits in terms of increased efficiency, quality and flexibility of production. The final part discusses emerging technologies and the concept of Industry 5.0, which emphasises the synergy between humans and intelligent systems as the next evolutionary stage of industrial transformation.
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1. Introduction
In the context of the fourth industrial revolution[1–3], referred to as Industry 4.0, artificial intelligence (AI) represents one of the key transformational factors in the industrial sector. While traditional automation systems were designed to perform predefined tasks according to fixed parameters, AI-based systems bring the ability to adapt, learn and make autonomous decisions to industrial processes. This evolutionary change in technological approach opens up unprecedented opportunities for production optimization, predictive maintenance, increased product quality and overall efficiency of industrial operations.
Historically, a gradual evolution can be observed from basic mechanical devices through programmable logic controllers (PLCs) to today's intelligent systems. While the first attempts to implement expert systems in industry in the 1980s encountered technological limitations, the current era is characterized by dramatic increases in computing power, the availability of massive data sets, and advanced algorithms that together enable the practical deployment of artificial intelligence in industrial environments.
This expert text aims to comprehensively analyse the current artificial intelligence tools used in industrial process control, their technological principles, implementation methods, economic impacts and prospects for further development. The following chapters will present in detail the different categories of AI tools and their application potential in different segments of industrial production.
The main artificial intelligence tools in industrial process control represent a vast area that has seen an unprecedented growth in applications and new technologies in recent years. This trend is underpinned by advances in the availability of computing power and large datasets, as well as improving algorithms that can handle complex industrial scenarios. Whether we're talking about production lines, industrial automation, energy, transportation or logistics, AI is finding applications in a variety of tools and methods everywhere. The basic families of these tools can be broken down into several key areas that together provide comprehensive solutions for increasing efficiency, reducing costs and improving product quality. Among the most important are machine learning with its subcategories (supervised, unsupervised and reinforcement learning), as well as advanced computer vision systems, digital twins, expert systems and various forms of natural language processing for industrial communication[4–6].
2. Machine learning for optimizing manufacturing processes
Machine Learning is often considered the central pillar of modern artificial intelligence methods. In industrial practice, it finds application in a wide range of tasks; from relatively simple classification problems where it is necessary to distinguish between different machine states or product quality, to very complex predictive tasks involving hundreds or thousands of input parameters. To simplify the whole field, we typically break machine learning down into three main approaches, each of which has its own irreplaceable importance in industry[6, 7].
2.1. Supervised Learning: prediction and classification based on historical data. 
Supervised learning is probably the most well-known part of machine learning due to its ability to solve a wide range of predictive tasks. In an industrial setting, it is typically used to estimate the quality of manufactured products, detect abnormalities in the production process, or in predictive maintenance, where an algorithm can forecast equipment failure before it actually occurs[8]. A key characteristic of this category is that the model "learns" on labelled data (called the training set), where each sample contains inputs and the correct output associated with them. Based on these examples, the model learns to estimate the relationship between the input parameters and the desired outcome. In practice, various algorithms are used, such as decision trees, random forests for more robust predictions, support vector machines (SVMs) for when a clear boundary between classes is needed, and neural networks, which, thanks to their flexibility and deep layers, can model even very complicated nonlinear relationships. In a manufacturing plant, the goal of supervised learning can be primarily to find the optimal process parameters so that the output product always meets strict quality standards.
This area focuses on modelling the relationship between input variables (e.g. temperature, pressure, production line speed) and output variables (e.g. product quality, process time). Tutor learning algorithms "learn" from historical data where both the input variables and the corresponding outputs are known. The goal is to create a model that is able to predict output variables as accurately as possible for new, previously unseen inputs.
· Predictive maintenance: one of the most important applications is predictive maintenance of machinery and equipment. The model learns to identify patterns in operating data (e.g., vibration, temperature, energy consumption) that predict failures. This makes it possible to plan maintenance proactively rather than reactively, minimizing downtime and maximizing equipment life[2, 3, 9].
· Quality control: supervised learning is also used extensively for product quality control. Based on data from sensors, cameras and other measuring devices, the model classifies products as "quality" or "poor quality" or identifies specific types of defects[10, 11].
· Parameter optimization: models can be used to optimize the parameters of production processes. For example, based on raw material, temperature and pressure data, the model can predict the resulting product quality and suggest parameter adjustments to achieve the optimal result[3, 12, 13].
· Algorithms: The most commonly used algorithms include decision trees, which provide easily interpretable models; random forests, which combine multiple decision trees to increase accuracy; support vector machines (SVMs), which are effective for classification in high-dimensional spaces; and neural networks, which are capable of modelling very complex and nonlinear relationships.
2.2. Unsupervised Learning: uncovering hidden structures in data.
Unsupervised learning is an approach in which data is not accompanied by known outcomes or classes. In practice, this means that the algorithm tries to find previously unknown or hidden structures and patterns in the data. Typical tasks in the industry include clustering, where we try to divide groups of similar products or process flows into segments to beter understand the variability in production. K-means or hierarchical clustering methods can reveal which products tend to exhibit similar characteristics in defects or why certain production batches often suffer from the same defects. Furthermore, principal component analysis (PCA) is also applied here, which can reduce high-dimensional data into a few key components without losing most of the information. This enables better visualisation and exploration of complex industrial processes. As a result, unsupervised learning can, for example, identify anomalies in data that could indicate an impending failure without having to define in advance exactly what that failure looks like[3, 14, 15].
Unlike learning with a teacher, learning without a teacher works with data for which the target (output) variables are unknown. The goal is to discover hidden structures and patterns in the data itself.
· Anomaly Detection: Unsupervised learning is invaluable for detecting anomalies in manufacturing processes. Algorithms learn what "normal" system behaviour looks like, and are then able to identify deviations from that normal that may indicate failures, data errors, or other unexpected events and influences.
· Clustering: Clustering algorithms divide data into groups (clusters) based on similarity. In industrial applications, this can be used, for example, to segment customers, identify groups of similarly behaving machines, or find groups of products with similar defects.
· Dimensionality reduction: techniques such as principal component analysis (PCA) allow to reduce the number of variables needed to describe the data without losing important information. This facilitates data visualization and speeds up computations.
· Algorithms: K-means clustering is a popular algorithm for partitioning data into K clusters; hierarchical clustering creates a hierarchy of clusters, allowing data to be examined at different levels of granularity; and PCA transforms data into a new coordinate system where variables are ordered by decreasing variability.
2.3. Reinforcement Learning: adaptive management in dynamic environments
Reinforcement learning is a special field that is becoming increasingly popular, especially where systems need to be constantly adapted to changing conditions. The more traditional approach to industrial process control assumes that the parameters of the environment and production lines are relatively stable. However, especially in today's dynamic and flexible production processes, where a slightly different specification is produced each time or input materials change throughout the day, real-time adaptation is required. Here, reinforcement learning allows the model to "try" different actions and learn which ones lead to a better result, thanks to feedback from the process. This approach can optimize energy consumption, reduce rejects, or select the ideal sequence of production steps for the most efficient flow through the production line. Applications also include the adaptive control of complex chemical processes that need to respond to changes in feedstock or temperature, or the control of robotic systems that require a high degree of autonomous adaptation to the environment[16, 16–18].
. This approach differs from the previous two in that the system does not learn from historical data, but interacts with the environment and learns based on the feedback it receives in the form of rewards or punishments.
· Control optimization: Reinforcement learning is ideal for optimizing control of complex and dynamic processes where it is difficult to define the optimal strategy in advance. The system gradually learns what actions lead to the best results, even under changing conditions. For example, in chemical reactor control, it is applied to real-time temperature control and reactant delivery.
· Robotics: in robotics, reinforcement learning is used to teach robots to manipulate objects, navigate in space, or interact with humans.
2.4. Computer vision in industrial inspection and quality control: the eye that never sleeps
Computer vision has been used in industry for a long time, but with the advent of deep learning neural networks there has been a significant shift towards greater accuracy and flexibility[3, 14]. Modern convolutional neural networks (CNNs) are now commonly deployed on production lines to automate defect detection, measure dimensions and provide overall visual inspection of products. The fundamental benefit lies not only in the accuracy of defect detection, which in appropriate cases outperforms human inspectors, but also in the speed of processing. Computer vision can pick up microscopic defects in a fraction of a second that the human eye would only pick up with careful detailed examination, often requiring costly and time-consuming laboratory tests.
In industry, computer vision systems are characterised by their high flexibility[19–21]. The brute force of deep learning is that when faced with a new type of defect or a change in product design, it is usually not necessary to rewrite detection algorithms from the ground up. Instead, a sufficient number of new images are collected, labelled, and used to train or learn a given neural network. Compared to traditional computer vision methods, which relied primarily on manually defined rules (e.g., finding edges, colour transitions, or specific shapes), CNN-based solutions are now much more versatile. Typical examples of applications are the detection of inconsistencies in materials, such as tiny cracks on metal parts, minor variations in welded joints or small scratches on plastic components. In addition, they are also applied to monitor and control assembly operations, where cameras and sensors allow the system to identify whether all components have been assembled in the correct order and in the correct way. In addition, in many plants, such systems provide data in parallel about the operation of the line, which can then be processed by other analytical machine learning methods.
Computer vision (CV) has changed the game in quality control and visual inspection. Through a combination of cameras, lighting, and powerful algorithms, especially convolutional neural networks (CNNs), computer vision systems are able to detect even the smallest defects and deviations with accuracy that often surpasses human capabilities:
· Precise defect detection: the CNNs are specially designed for image data processing. They are able to learn to detect different types of defects such as cracks, scratches, dirt, deformations, even on complex surfaces and in variable lighting conditions.
· Automated control: CV systems can be integrated directly into production lines to inspect every piece produced in real time. This allows instant feedback and minimises the risk of defective products passing through to the next stage of production or reaching the customer.
· Measurement and dimensional inspection: In addition to defect detection, CV systems can perform precise measurements of dimensions, angles and other geometric parameters of products. This is key to ensuring that tolerances and specifications are met.
· Object and assembly tracking: the CV is also used to track the movement of objects on the production line, check the correctness of assembly, and identify missing or misplaced parts.
· The key difference: unlike human inspection, which is subjective, tiring and error-prone, CV systems provide consistent and objective assessments, 24 hours a day, 7 days a week.
· Adaptability of Deep Learning: deep learning-based systems train on data patterns and automatically acquire the ability to find solutions, even for new/unknown problems.
2.5. Digital twins and simulation models: A virtual lab for optimization
A digital twin is a concept that enables the creation of a virtual representation of a real device, process or even an entire production operation based on physical models and data analysis. The very idea that processes can be simulated in a computer environment has been known in industry for quite a long time. However, a new dimension is the ability of digital twins to update in real time based on data directly from the plant, making it possible to model with high accuracy and flexibility even complex non-linear phenomena that would be difficult to predict with static models. This opens the way to a number of useful applications[22–27].
For example, predictive modelling of future system states allows engineers and managers to know what will happen if a certain change in line setup occurs or if different input materials are used. Rather than risking a real experiment, scenarios can be verified virtually. This ability to "virtually test" parameters saves the cost of expensive prototyping and minimizes risk. At the same time, the digital twin provides invaluable information for process optimization - it is able, through a combination of physical simulations and machine learning methods, to suggest settings that could lead to lower energy consumption, lower scrap rates or higher production speeds in real operation.
The great advantage of digital twins is that they are able to identify potential problems before they actually manifest themselves. If suddenly sensors in real operation indicate abnormal vibrations or slight temperature changes, the digital twin can immediately assess whether there is a risk of a fault. Based on these simulations, the system then recommends preventive maintenance, for example, avoiding the multiplying costs associated with unplanned line shutdowns. The digital twins thus also play a key role in decision support, where their outputs can be used to make quick and informed decisions at sites that would otherwise require long-term analysis of large amounts of data.
A digital twin is a virtual replica of a physical object, a machine, or an entire production process. It is not just a static 3D model, but a dynamic system that is constantly updated with data from sensors and other sources, and that faithfully simulates the behaviour of its real counterpart. Advanced implementations combine models based on physical laws, mathematical equations, with data-driven machine learning models.
· Predictive capabilities: digital twins allow you to predict how the system will behave in the future, even in different scenarios. This is invaluable for maintenance planning, performance optimization, and failure prevention.
· Virtual testing: parameter changes, new settings or even new design elements can be tested first on the digital twin without having to stop or risk real operation.
· Real-time optimization: the digital twin can run in parallel with the real system and suggest parameter adjustments in real time to optimize performance, for example to minimize energy consumption or maximize production.
· Identifying hidden problems: by comparing the behaviour of the real system and its digital twin, hidden problems can be detected that would otherwise go undetected until they cause a more serious failure.
· Multidisciplinary Applications: The digital twin concept is used in the manufacturing, aerospace, automotive and energy industries.
2.6. Expert systems and decision support: expert knowledge in digital form
Expert systems are among the oldest applications of artificial intelligence in industry. Their history dates back to a time when computer power was still relatively low, and therefore, instead of statistical methods and large-scale neural networks, rule-based systems were used to formalise expert knowledge into a set of logical "if-then" rules. Although this approach may seem outdated, it is in fact still indispensable in many areas. Typically, this applies to tasks where the decision-making process is complex but well described by a set of expert rules. In modern solutions, expert systems are often combined with machine learning or pattern recognition techniques to create hybrid approaches[28–35].
The advantage of expert systems lies in their transparency - if there is a need to justify why a decision was made, the system will provide a precise sequence of the rules and conditions applied. This is very important in areas where there is heavy regulation, such as the food, pharmaceutical or aerospace industries. In these cases, it is difficult to deploy black boxes in the form of deep neural networks unless there is a sufficiently detailed explanation of the factors that led the neural network to a particular conclusion.
From a practical point of view, modern expert systems can advise operators on the maintenance of complex equipment where a combination of many factors is required for a correct diagnosis - from the type of noise and vibration, to the time of the last part replacement, to the previous history of failures. In other cases, such systems can help design optimal production recipes when the product is a mixture of multiple raw materials and there are a number of strict quality and safety considerations. Again, due to the complexity of these processes, integration with machine learning methods is proving useful, as they can supply predictive inputs to the expert system while the decision rule itself remains clear and explainable.
Expert systems are programs that simulate the decision-making process of a human expert in a particular domain, e.g., diagnosing a complex machine. Expert systems typically contain a knowledge base that contains facts and rules, and an inference mechanism that uses the knowledge base to draw conclusions.
· Fault Diagnosis: Expert systems are still useful for fault diagnosis of complex equipment, where knowledge from different areas needs to be combined and a large number of factors need to be taken into account.
· Process control: in some areas, such as the chemical industry, expert systems are used to control processes that are too complex for traditional control systems or where safety requirements are high.
· Decision support: even in situations where the entire decision-making process cannot be automated, expert systems can provide valuable advice and recommendations to human operators.
· Knowledge retention: expert systems allow the preservation and formalisation of valuable knowledge of experienced staff that might otherwise be lost with their retirement.
· Hybrid systems: by combining classical expert systems with machine learning techniques, hybrid systems gain the ability to adapt and expand the knowledge base.
2.7. Natural Language Processing (NLP) in industrial documentation and communication: voice and text in accordance with AI
Traditionally, industrial plants work with a large amount of technical and operational documentation, which is constantly growing. This includes everything from detailed operating and maintenance manuals, to safety incident records and crisis communication rules, to project documentation for newly developed products. Natural Language Processing (NLP) technologies are paving the way for efficient retrieval and processing of these texts.[36–42]
One of the key applications is automated interpretation of technical documents. Many businesses still have to manually go through large numbers of paper or PDF documents, which is time consuming and prone to human error. NLP techniques allow key information such as equipment parameters, maintenance instructions, safety precautions and so on to be extracted automatically. Another area is so-called text analytics, where sentiment analysis, conceptual extraction or keyword extraction techniques can be used to evaluate customer feedback or comments from field technicians and look for opportunities for improvement.
Recently, with the advent of large language models (e.g., the Transformer family of models), conversational interfaces have become more widely available, allowing technicians and engineers to ask natural questions and get expert answers. Instead of a traditional search box, one can interact with the system in a similar way to a colleague or consultant who has access to all company documentation and historical records. This functionality can make problem solving significantly more efficient, as an employee can receive a suggestive suggestion for a possible repair or optimization procedure within seconds. It is also possible to deploy advanced translation systems that allow multinational teams to collaborate and communicate without wasting time on manual translations of documentation and specifications.
Natural language processing also plays a big role in evaluating security events. The moment an incident occurs in the workplace, there are usually written logs and other textual records. NLP tools can classify these records by severity, incident types, evaluate risk factors and provide a basis for developing preventive measures. The result is more effective risk management and stronger operational security because analysis of large quantities of documents can reliably identify recurring patterns of behaviour or deficiencies.
Natural Language Processing (NLP) focuses on enabling computers to understand, interpret and generate human language. In an industrial setting, NLP finds applications in a number of areas:
· Documentation automation: NLP can automate routine tasks such as sorting and searching technical documentation, extracting information from manuals, or generating reports.
· Conversational interfaces (Chatbots): chatbots and virtual assistants, powered by NLP, can facilitate interaction with industrial systems. Operators can ask questions in natural language instead of having to use complex commands or programming languages.
· Feedback Analysis: NLP can be used to analyse feedback from customers, service technicians, or internal reports, and identify recurring problems, trends, and areas for improvement.
· Translation of technical documentation can automate the translation of technical documentation into different languages, which is crucial for global companies.
· Generating technical documentation: the Large Language Models (LLM) help to create and edit technical documentation by translating requirements into technical parameters and specifications.
· Safety protocols and reports: NLP is used to analyse security incidents and to extract necessary information from text logs.
In conclusion, artificial intelligence in industrial process control is not just about individual tools, but about their synergy. The combination of machine learning, computer vision, digital twins, expert systems and NLP creates complex and intelligent systems that are capable of transforming industrial production and bringing revolutionary changes in efficiency, quality, and safety.
In conclusion, artificial intelligence in its many forms - whether machine learning, computer vision, digital twins, expert systems or natural language processing - is an invaluable set of tools for managing modern industrial processes. Each of these areas offers its own added value, and in practice they often complement each other to work together to maximise production efficiency and quality. In particular, machine learning enables deeper analysis and automation of decision-making based on real data, while computer vision pushes the envelope in quality control and defect detection. Digital twins bring a new perspective on process optimization and predictive maintenance, while expert systems save effort in many decisions by formally capturing knowledge and rules. Natural language processing then enables efficient handling of text documentation and communication, which is important not only in the company's internal processes but also in communication with customers and suppliers.
Moreover, developments in the field of artificial intelligence are constantly moving forward, and with them new opportunities are emerging to integrate different technologies into one cohesive ecosystem. There is every indication that AI will continue to play an increasingly important role in the coming years in shaping the way industry operates, automates, digitises and, above all, makes businesses more competitive in the global marketplace.
3. Implementation of artificial intelligence (AI) tools in specific industries
The implementation of Artificial Intelligence (AI) tools in specific industries is a vast and complex issue that affects many aspects of manufacturing processes, management, optimization, and even company strategy. Each industry has specific needs, challenges and constraints that affect the way AI tools are deployed and the benefits that accrue from them. Let's take a close look at a few key sectors and explore the nuances of AI implementation in detail[6, 16].
3.1. Automotive: The cradle of robotics and predictive maintenance
The automotive industry, characterised by high levels of automation and robotics, was one of the early adopters of artificial intelligence. But these are not just simple robots welding car bodies. Modern automakers are using AI for much more sophisticated tasks. Imagine a huge factory with thousands of robots, presses, paint lines and other specialized equipment. Each of these pieces of equipment is equipped with a multitude of sensors that are constantly collecting data about its condition, performance, temperature, vibration, pressure, and many other parameters. This data is then streamed to a central system where it is analysed by advanced algorithms.
Predictive maintenance is one of the key pillars. Machine learning algorithms, especially neural networks, learn to recognize patterns in vibration, sound and other data that precede failure. This allows the system to alert hours, days, or even weeks in advance of an impending problem. This allows for scheduled maintenance when it is least disruptive to production, preventing unplanned downtime that can cause huge financial losses. In addition, optimizing maintenance cycles extends equipment life and reduces spare parts costs[9, 43–53].
Autonomous quality control is another important benefit. Computer vision systems are used instead of random checks by human operators. High-resolution cameras capture every manufactured part, and deep learning algorithms analyse the image to detect even the smallest defects - scratches, cracks, incorrect dimensions, colour variations and more. The system is able to learn from feedback from human experts, continuously improving its accuracy and reliability. 100% quality control ensures that no defective parts make it into the final product, increasing the overall quality and reliability of the vehicles[2, 11, 54].
Optimising energy consumption is another important aspect. Car production is very energy intensive. By analysing historical data on energy consumption in different parts of the factory and under different conditions, machine learning algorithms can identify areas where energy is being wasted. These findings can then be used to optimize plant operating parameters, such as adjusting the temperature in paint shops, optimizing the operation of compressors and fans, or better planning production to minimize energy spikes.
Flexible production systems that respond to changing demand are another example of the use of AI. Traditional production lines were often designed to produce one specific car model. Switching to the production of another model required costly and time-consuming line reconfiguration. Modern lines, controlled by advanced algorithms, are much more flexible. Thanks to simulations and optimization algorithms, the line can be quickly reprogrammed and adapted to produce a different model with minimal cost and downtime.
Supply chain optimization, which is extremely complex in the automotive industry, is also an area where AI finds application. Predictive models help forecast demand for individual components, optimise inventory, plan logistics and minimise the risk of supply disruptions. This leads to reduced costs, improved efficiency and increased supply chain resilience to unpredictable events.
3.2. Process industry and chemical production: the search for optimal recipes and safer operation
The process industries, including chemical manufacturing, refineries, food processing and others, are characterized by continuous production processes that take place in closed systems under complex physicochemical conditions. This is where artificial intelligence comes into play to optimise these processes, improve their safety and enhance product quality[7, 55–57].
Modelling and managing complex processes are a cornerstone. Complex reactions take place in chemical reactors and are influenced by many factors - temperature, pressure, reactant concentration, catalysts and more. Classical control systems often fail to capture all the non-linear relationships between these variables. However, neural networks and other advanced regression models are able to learn these non-linear relationships and predict system behaviour even under non-standard conditions. This allows for more accurate process control and optimal outputs.
Soft sensors, or virtual sensors, are another fascinating application. In many cases it is not possible, or is too costly, to measure some key process parameters directly. For example, the concentration of a certain substance in a reactor can be difficult to measure in real time. However, soft sensors can estimate this concentration by measuring other, readily available variables - temperature, pressure, flow rate and others. Again, machine learning models that are trained on historical data are used to do this. Soft sensors thus provide a virtual "view" into the heart of the process and allow real-time monitoring of its progress.
Optimising recipes and processes are key to achieving maximum quality and production efficiency. Consider the production of a specialty chemical product. The quality of this product depends on the exact ratio of each component, the temperature and duration of the reaction, and other parameters. Machine learning algorithms can analyse vast amounts of historical data about the production of this product - recipes, process parameters, resulting quality - and identify the optimal combinations of parameters that lead to the best results.
Predicting and preventing process instability is critical to safety. In chemical production, unstable processes can lead to dangerous situations, chemical spills or even explosions. Anomaly detection algorithms monitor key process parameters in real time and look for deviations from normal behaviour. If they detect an anomaly that indicates impending instability, they alert operators who can intervene in time to prevent a dangerous situation.
Optimising energy efficiency is also important in the process industry. Many chemical reactions take place at high temperatures and pressures, which require a significant amount of energy. By analysing energy flows throughout a production plant, it is possible to identify areas where energy is being wasted and suggest energy-saving measures, such as heat recovery, optimising cooling systems or better insulation of pipes and equipment.
3.3. Energy and utilities: managing grids in the renewable era
The energy sector, undergoing a transformation towards renewable energy sources, faces new challenges in the management and optimisation of energy networks. The sun doesn't always shine when we need electricity and the wind doesn't blow consistently. Artificial Intelligence (AI) is key to effectively integrating these variable resources into the energy grid[12, 57–62].
Forecasting renewable generation is the basis for planning the operation of the power system. Meteorological forecasts are an integral part of the input data, but classical meteorological models are not accurate enough to predict the production of solar and wind power plants. Advanced machine learning algorithms combine meteorological forecasts with historical data on electricity production from specific power plants and take into account local conditions such as solar panels being shaded by surrounding buildings or wind attenuation by terrain obstacles. This results in a much more accurate prediction of production in the short and medium term.
Optimising distribution networks ensures that electricity flows where it is needed and with minimal losses. Traditional distribution networks were designed for a one-way flow of energy - from large central power plants to consumers. With the advent of decentralised renewable generation, the flow of energy is becoming much more complex and bi-directional. AI-based analytics tools help optimize grid voltages and currents, minimize losses, prevent congestion, and ensure reliable power delivery to all customers.
Predictive maintenance of critical infrastructure is as important in the energy industry as it is in the automotive industry. Transformers, substations, cables and other components of the power grid are in constant operation, and failures can have serious impacts on the electricity supply. By analysing sensor data, thermal imaging and historical fault data, impending problems can be predicted and maintenance can be performed in a timely manner, preventing widespread outages.
Demand-response management enables real-time balancing of electricity supply and demand. In times when renewable electricity generation is low and demand is high, smart algorithms can send signals to consumers who have the opportunity to reduce their consumption. For example, industrial companies can reduce production for a short period of time, or households can postpone running their washing machines or air conditioners. This reduces the risk of grid congestion and the need to run expensive peaking resources.
Detecting and preventing cyber threats is increasingly important in the era of digital energy. Attacks on energy networks can have disastrous consequences. Artificial intelligence-based systems monitor network communications and look for anomalies that could indicate a cyber-attack in progress. Anomaly detection is based on machine learning, which learns to recognize normal network behaviour and identify deviations from that normal.
In short, the implementation of AI in various industries is a complex and constantly evolving process. But the common denominator is the drive to optimise processes, increase efficiency, improve quality and ensure safety. Artificial intelligence is not just a buzzword, but a powerful tool that is changing the face of industry and bringing about revolutionary changes. And what has been summarised here is just the tip of the iceberg, other applications (e.g. transport, logistics, agriculture) and possibilities are countless and future developments promise an even more dramatic shift in AI in industrial practice.
4. Technical aspects of implementing AI in an industrial environment
The technical aspects of implementing Artificial Intelligence (AI) in an industrial environment are extremely complex and require a thorough analysis of a number of factors that relate to the technological infrastructure itself as well as the organizational and economic conditions. Industrial enterprises must consider the architecture in which AI systems will be integrated to ensure the functionality, reliability and security of newly deployed solutions. This architecture is usually based on a choice between edge computing and cloud solutions, taking into account the requirements of the applications that will be implemented within the industrial processes. For time-critical tasks, such as real-time anomaly detection on a production line or controlling rapidly changing production parameters, edge computing is often preferred, as processing data locally near the machine reduces latency and allows operators and the system itself to react quickly. Conversely, computationally intensive work, such as training large-scale neural networks, predicting long-term trends, and big data analysis, can be efficiently moved to the cloud, where sufficient computing capacity and scalable storage are usually available. This approach relieves the burden on local nodes while providing greater flexibility to scale up or down performance according to actual needs[6, 63–65].
4.1. Industrial AI Systems Architecture
The architecture of industrial AI systems itself typically consists of several layers that together ensure seamless communication and efficient data processing. The core sensor layer (called Ilott devices) is responsible for collecting data directly from production equipment, machines, measuring instruments or other sources in the plant. This data, often generated in real time, is then routed to the communication layer, where various protocols (e.g. OPC UA, MQTT or Modbus) can be used to transfer information to other systems. This is followed by the data processing and storage layer, where modern database technologies, data warehouses or data lakes are often used to enable both structured and unstructured storage of large volumes of data. It is only above this layer that the analytical layer is created, in which advanced computational operations take place - for example, machine learning, statistical prediction methods, anomaly detection, classification or regression models focused on process optimization. Finally, there is the application layer, which presents the results to users, whether in the form of dashboards, mobile apps, management reports or direct automation of production steps on the line[18, 18, 66–68].
In this entire ecosystem, the integration of the chosen AI solution with existing OT (Operational Technology) and IT systems is crucial. Many companies have been running SCADA systems for control and monitoring, MES systems for production control and scheduling, and ERP systems for business processes for years. Adding another layer with AI must not be limited to an isolated module - on the contrary, it must flexibly communicate and share data with these legacy, often quite heterogeneous systems. In practice, this means designing and implementing appropriate interfaces, connectors and middleware systems that enable bi-directional data transfer (e.g. production data is transferred in real time to a machine learning platform that generates recommendations for operators and can then automatically update records in the MES or ERP of actions performed). Cybersecurity is also an integral part of these considerations. Early in the project, it is necessary to thoroughly assess the risks associated with connecting smart devices to the Internet, secure communication channels, and implement mechanisms that minimize the possibility of cyber-attacks. Industrial equipment can be a critical part of the infrastructure, so it is essential to prevent situations where unauthorized access to one node could compromise the entire production process or even the safety of workers.
4.2. Data infrastructure and data management

Another aspect that cannot be overlooked is data infrastructure and data management. In an industrial context, we often talk about the huge volumes of data that come in a variety of formats and from a myriad of sources. This can be high-frequency data from sensors (temperature, pressure, speed, vibration), batch data related to quality protocols from laboratories, transactional data from ERP systems, as well as text reports and operator documentation. The first critical step is to collect all this information reliably and consistently. Companies often deploy integration gateways or edge devices that consolidate and send data to central repositories or for further processing. Without a quality process called data preprocessing (i.e., cleaning data, discarding outliers, filling in missing records where possible, and validating against physical limits), we run the risk of AI models working with unrepresentative or erroneous inputs. This would not only result in poor prediction quality, but could also lead to damage to the production facility if incorrect control intervention is triggered based on non-valid data.
An equally important part of the data infrastructure is consistent time synchronization. This is because in an industrial plant, data is collected from thousands of sensors and devices simultaneously, each of which may have its own time stamp. In order to correctly analyse events in a process, it is necessary to ensure consistency in timelines or to be able to accurately convert between different time references. Related to this is the choice of data store architecture. Data lakes allow unstructured and semi-structured data to be stored in large quantities and then mined as opportunities arise. Data warehouses, on the other hand, have a strictly defined structure, and are thus well suited for periodic reports or BI tools that take aggregated data for managerial decision making. Metadata management, i.e., precisely cataloguing and documenting what data is used for, what its relationships are, and any rules for interpretation, is also part of good practice. A data ecosystem built in this way will allow machine learning and AI models to be calibrated and adjusted in the future according to changing conditions in production. Additionally, organizations such as the OPC Foundation and the Industrial Data Space Association are working on standards to simplify industrial data interoperability, which should be leveraged within any robust enterprise data infrastructure.
4.3. Challenges and solutions for integration with legacy systems
The challenge in implementing AI in many industrial companies is the integration of new solutions with legacy systems. In reality, you can find plants running decades-old equipment and software that would be extremely costly to replace completely or lead to long-term production shutdowns. Therefore, a common approach is to connect through middleware and integration platforms that "translate" data and commands between a modern AI solution and the legacy industrial technologies used in a particular factory. Standardized protocols, especially OPC UA, greatly facilitate the exchange of information between generations of systems by offering a unified communication model. Retrofitting, i.e. retrofitting older lines or machines with new sensors and data communication modules, is another step that allows manufacturing companies to take advantage of AI without having to invest in completely new and often very expensive equipment right away. Digital wrappers then abstract legacy systems into a modern interface so that AI applications can behave as if they were running on the latest industrial system. Sometimes the most pragmatic approach is a hybrid solution, where the functionality of the legacy system is gradually migrated to the new system, ensuring two-way compatibility in the interim and no disruption to production.
4.4. Economic aspects and return on investment
Last but not least, every AI implementation project must be accompanied by a thorough economic and strategic analysis.
A cost-benefit analysis of implementing AI in an industrial environment examines not only the immediate costs of hardware, software, integration and staff training, but also the long-term operating and licensing expenses. In fact, it is sometimes the case that while the first phase of a project is costly, there are significant savings in the months and years that follow. These savings manifest themselves in the form of higher productivity (faster production, less downtime), reduced defects and complaints (thanks to better monitoring and predictive analyses), reduced material and energy consumption (process optimization), or increased employee safety (thanks to early detection of risks). It is also important to evaluate indirect benefits such as increased flexibility of operations (rapid reconfigurability of production), shorter time to market for new products and increased attractiveness of the company for qualified employees who want to work in a modern and innovative environment. Investing in AI also has a strategic impact - companies can penetrate new markets, offer added value to customers in the form of smart services and, most importantly, remain competitive in an increasingly globalised industrial environment[43, 44, 69–73].
The results of the projects implemented in recent years show that the greatest and fastest return on investment (ROI) is in areas such as predictive maintenance of production technologies (where interventions are carried out only at the moment of real need and not according to a fixed, often overly conservative plan), increasing the quality of production (reducing defective units and subsequent complaints) and optimising energy efficiency. These projects can see a payback of the costs invested in a matter of months or single-digit years, depending on the size of the company and the complexity of the operation. At the same time, it is important to consider that even after the successful implementation of AI, it is advisable to continue to provide support in the form of regular model updates, adjustments to the data infrastructure and ongoing employee training. This is the only way to react to technological changes, shifts in production programs and innovations that may bring further opportunities for the use of AI in the modern industrial environment.
From the facts described above, it is clear that the implementation of artificial intelligence in an industrial environment is not a one-off project, but a long-term process that can significantly change the way companies manufacture their products, manage operations, communicate with customers and approach innovation. Initial technical solutions must be designed from the outset with future scalability, modularity and security in mind. Ensuring the availability of quality data, its proper management and long-term storage is the alpha and omega of any successful AI initiative. All these steps are then closely linked to a comprehensive economic analysis: even the best technical solution is useless if it does not deliver tangible benefits and does not work in line with the business strategy of the enterprise. It is therefore essential that every step - from the initial feasibility study to full deployment and scaling - addresses what the real return on investment is and whether the solutions in place are effectively helping to develop the core business of the organisation.
It follows from the above that the technical aspects of implementing AI in an industrial environment are inextricably linked to a thorough architecture design, a sound data strategy, thoughtful integration with legacy systems, and thoughtful economic analysis. Only when these components are orchestrated can an industrial enterprise fully leverage the potential that AI offers - whether it's minimizing downtime, improving production quality, creating new business models and services, or strengthening competitiveness in the global marketplace.
5. Future trends and perspectives in artificial intelligence for industrial applications
The future trends and prospects for developments in artificial intelligence for industrial applications appear to be a key pillar of technological development that will play an increasingly important role in shaping social and economic structures. These trends, which can be subsumed under the broader concept of emergent technologies, have the potential to significantly impact not only businesses themselves and their internal processes, but also a wide range of areas from human resource management to sustainability and the environmental impact of production. At the same time, as digitisation and computing power continues to advance, is opening the door to new, hitherto hardly imagined applications and possibilities that have the power to redefine our conception of production, services and the management of complex systems. Below, we therefore offer a detailed look at the various innovations that are gaining importance in the industry and describe how they could influence the future development and competitiveness of companies.
5.1. Emerging technologies and their potential impact
The term 'emerging technologies' refers to technologies that are currently in the development, early deployment or just beginning to take off, but have the potential to fundamentally change existing practices, industries or even society as a whole. These technologies are often based on the latest scientific knowledge and represent breakthrough innovations with far-reaching implications. The following subsections will focus on specific areas of emerging technologies and their potential impact in different contexts.
5.2. Explainable (XAI): transparency and trust in AI decision-making
In critical industrial applications where wrong decisions can have serious consequences (e.g., autonomous vehicle control, medical diagnostics, predictive maintenance of complex machinery), it is imperative that AI decision-making processes are transparent and understandable. XAI focuses on developing algorithms that not only provide accurate predictions and effective decisions, but can also explain why they arrived at a given decision. This explanation can take many forms, from visualizing the key factors influencing a decision to generating textual explanations in natural language. Trust in AI systems is essential for their adoption and widespread deployment, and XAI plays a key role in building that trust[74–76].
 Explainable AI (XAI) Explainable AI, abbreviated as XAI, is a fundamental area of research that seeks more accessible and understandable forms of output from machine learning models. While traditional neural network algorithms, particularly deep learning, can achieve excellent results in pattern recognition or prediction, they often lack intuitive explanations of how they reach these conclusions. However, in the context of critical industrial applications such as predictive maintenance, quality control, or anomaly detection in a manufacturing process, transparency and explainability are key. Companies that implement XAI can better understand how their models work, increasing end-user confidence while gaining valuable insights for optimizing the processes themselves.
An important part of the XAI deployment is the design of user-centric methods that allow operators and plant managers to quickly understand what led to a given system decision. Research in this area has focused, for example, on visualization techniques (e.g., heat-maps to identify key inputs) or the use of KL-divergence (Kullback-Leibler divergence) as a metric to quantify changes in distribution characteristics. These ways of evaluating and presenting outputs help companies identify whether the model is working with the right predictors and, if necessary, make subsequent adjustments to the data or the algorithms themselves. Special attention is also paid to cases where the model may fail in real operation due to poor quality or unbalanced training data.
5.3. Federated Learning: collaboration without sharing sensitive data
In many industries, data sharing between different organizations or even between different divisions of the same organization is restricted due to privacy, trade secrets, or regulations. Federated Learning (FL) offers a solution to this problem by allowing AI models to be trained on decentralized data without the need to collect this data centrally. Each location (e.g., factory, hospital, bank branch) trains its own model on local data, and then only the model parameters (not the data itself) are shared. These parameters are aggregated and used to create a global model that performs better than a model trained on data from a single location. FL is particularly relevant in areas such as healthcare, finance, and the Industrial Internet of Things (IIoT) [77–81]
Federated Learning Federated Learning is an approach that addresses the issue of processing sensitive and large-scale data across multiple sites so that raw data does not need to be collected and centralized in one place. Its principle is that individual nodes (for example, factories or production lines) train local models on their own data and only share aggregated parameters with a central server. This ensures the protection of sensitive information and data security, which is extremely important in industrial applications where trade secrets or personal data of employees often play a role.
Federated Learning also allows the learned models to benefit from the data variability of different operations. For example, an automotive production line in Spain may face different operational challenges than a production line in China or the Czech Republic. Each location contributes its own specifics to the joint model, making the resulting model more robust than if it were trained on only one factory's data. This collaboration becomes particularly attractive in situations where there is a need to react quickly to anomalies detected in one plant, and then to extend the knowledge gathered to other sites without extensive data transfer.
5.4. Neuro-symbolic systems: combining the power of neural networks and logical inference
Traditional neural networks excel at tasks such as image recognition, natural language processing, and time series prediction. However, they have limited abilities in logical inference, planning, and explaining their decisions. Symbolic systems, on the other hand, are based on explicit rules and logic but are difficult to scale to complex data with high variability. Neuro-symbolic systems (NSS) combine the strengths of both approaches. Neural networks are used to process raw data and extract relevant features, while the symbolic layer performs logical inference and allows for decision explanation. NSS have the potential to bring advances in areas such as robotics, autonomous driving and complex decision making. [82, 83]
 Neural-Symbolic Systems Neural symbolic systems represent an interesting combination of two hitherto relatively separate approaches to information processing. On the one hand are neural networks, which excel at learning from unstructured data (image, sound, text), and on the other are symbolic systems, which rely on logic, rules and explicit knowledge representation. For industrial applications, this opens up the possibility of combining the flexibility and ability to extract unexpected patterns from neural networks with the rational and explainable reasoning of the symbolic approach.
The use of neural symbolic methods can be crucial in areas such as production planning, real-time decision-making, or solving complex optimization problems. For example, in scenarios where there is a need to react quickly to a supplier outage and reorganize the production cycle, the neural network can quickly adapt to changes based on historical data, while the symbolic layer ensures correct and provably correct derivation of a new plan according to defined rules. This approach also allows for better auditability of the decision-making processes, as the symbolic part can be examined for inconsistencies or unexpected behaviour and adjusted if necessary.
5.5. Quantum Machine Learning: entering the era of quantum computing
 Quantum computers, based on the principles of quantum mechanics, offer the potential to dramatically speed up certain types of computations that are unmanageable for classical computers. Quantum Machine Learning (QML) explores how quantum computers can be used to speed up and improve machine learning algorithms. Although still in the early stages of development, QML promises revolutionary advances in areas where large-scale optimization problems need to be solved, such as supply chain optimization, new materials design, and financial modelling. [Links to research and review articles on QML].
Quantum Machine Learning Quantum Machine Learning (QML) is a field that builds on the possibility of using quantum computers to solve problems that are extremely complex or even practically unsolvable for classical computer architectures. In the context of industry, QML can provide new solutions in route optimization, production planning, the search for new materials at the molecular level, or in the simulation of physical processes. Although quantum hardware is currently still in its early stages, significant investments by technology giants (such as Google or IBM) and a growing number of dedicated centres suggest that we can expect the first industrial pilot projects in the next few years.
QML research focuses on algorithms such as variational quantum eigensolver (VQE) or quantum support vector machines, which could achieve significant computational advantages on quantum computers. The potential of these methods is most evident in problems with exponential parameter growth, where classical methods fail because they require too much computational capacity. For example, the use of QML could significantly shorten the design of new metal alloys with strictly specified properties required for certain types of engineering production. At the same time, the development of quantum simulators and hybrid quantum-classical systems is accelerating, which should gradually put these solutions into practice.
5.6. AutoML and model-less AI: The democratization of artificial intelligence
Developing and deploying AI models traditionally requires expertise in machine learning, data science and software engineering. AutoML (Automated Machine Learning) and model-less AI (approaches that do not require explicit model definition) seek to simplify and automate this process. AutoML automates tasks such as selecting the appropriate algorithm, optimizing hyperparameters, and creating models. Model-less AI goes even further and allows users to interact with data and extract useful information from it without having to specify a specific model. These approaches democratize access to AI technologies and enable their wider use even in organizations that do not have dedicated teams of data scientists. [84–88]
AutoML and model-less AI AutoML (Automated Machine Learning) focuses on automating the process of creating, tuning and deploying machine learning models, making it much easier to adopt and integrate AI solutions even in organizations that do not have a large team of experienced data scientists. While the traditional approach requires manual selection of architectures, hyperparameters and subsequent iterative tuning, AutoML tools can do much of this in a fully automated manner. This both speeds up the time it takes to create a working model and opens up the space to a wide range of businesses.
In addition, the concept of model-less AI is emerging, where a shift from explicitly defined models towards adaptive systems that dynamically change depending on context and available data is assumed. These systems can continuously learn and modify their behaviour without the need for manual intervention by an expert. For industry players, this offers the ability to respond quickly to new challenges without the need for a dedicated team at every step. At the same time, this places great demands on the reliability and robustness of the systems themselves, as errors caused by automatic, ill-conceived adjustments can have serious consequences for production quality or operational safety.
6. Industry 5.0 and the role of artificial intelligence: human-machine collaboration in a new era
While Industry 4.0 focused primarily on digitalization, automation and the interconnection of production systems through the Internet of Things (IoT) and cloud computing, Industry 5.0 adds another dimension: collaboration between people and intelligent systems.  It is not about replacing human labour, but about augmenting and enriching it with AI technologies.
In Industry 5.0, AI systems will be designed to complement and augment human capabilities, not replace them. [76]
6.1. AI as a support system for human creativity and decision-making: expanding human capabilities
A support system for human creativity and decision-making While the Industry 4.0 concept puts the main emphasis on digitalization and the integration of production processes into so-called smart factories, the Industry 5.0 concept focuses on closer interaction between people and intelligent systems. In this new paradigm, artificial intelligence is seen as a tool that extends human capabilities and increases productivity without the goal of fully replacing the human workforce. In this vision, creative and decision-making processes that require a combination of technical expertise, empathy and experience will be largely in the hands of humans, while AI will take care of processing huge volumes of data and evaluating statistics and trends.
This means that AI will serve as a tool for:
· Data analysis and trend identification: AI can process huge volumes of data from multiple sources (sensors, production lines, market data) and identify patterns that would be difficult for humans to detect.
· Generate suggestions and alternatives: AI can suggest different options to solve problems, optimize processes, or generate new ideas based on existing data.
· Simulation and prediction: AI can simulate different scenarios and predict the impact of different decisions, allowing people to make more informed choices.
· Personalised support: AI can provide personalised support and recommendations to workers based on their skills, experience and current needs.
For example, imagine a dedicated production line where an engineer uses an AI-powered virtual assistant to explore different optimization scenarios. The assistant can navigate thousands of possible combinations of materials, machine setups and production topologies in real time, while the human expert can focus on the creative properties of the final product or its ergonomic aspects. The two work together in a human-in-the-loop mode, achieving significantly better results than either a standalone AI or a human alone. This symbiotic relationship between humans and machines (human-machine cooperation) will become one of the main building blocks of future industrial production.
6.2. Sustainable Production Facilitator: towards a circular economy
Sustainability is becoming an increasingly important factor in all areas of industry.  AI can play a key role in optimising production processes to minimise energy consumption, raw materials and waste production.  This includes:
· Predictive maintenance: AI can predict machine and equipment failures and plan maintenance to minimize downtime and maximize equipment life.
· Energy optimization: AI can analyse energy consumption in real-time and optimize machine and process settings to minimize energy consumption.
· Quality control: AI can automatically check product quality and identify defects early in the production process, reducing rejects and material waste.
· Supporting the circular economy: AI can help identify opportunities to reuse materials and components, optimise product take-back logistics and support product design for recyclability.
The debate on sustainability in manufacturing processes is becoming increasingly intense, given the growing societal and regulatory pressure to reduce the industry's environmental footprint. AI can play a significant role in optimising the consumption of energy, raw materials and other resources, both in the short term (e.g. adaptive temperature control and lighting in production halls) and in the longer term (e.g. designing circular patterns and reusing materials).
In addition, intelligent predictive maintenance can minimize waste and excess production by preventing unexpected downtime and downtime. If the AI system predicts the failure of a part with sufficient accuracy, it can be proactively replaced before the actual failure, thus avoiding breakdowns. In addition, this methodology enables more accurate parts procurement planning and inventory optimization, further reducing the volume of unused materials and unnecessary logistics shifts. Ultimately, AI is helping industrial production move towards a circular economy and minimise its own environmental impact.
6.3. The means to personalise production: mass customisation at your fingertips
Customers increasingly demand personalised products and services that match their individual needs and preferences.  AI enables cost-effective mass customization by:
· Automates product design: AI can generate different product design options based on customer requirements and manufacturing process constraints.
· Flexibly controls the production process: the AI can dynamically adapt the production process to produce different product variants on the same production line.
· Optimizes logistics and supply chains: AI can optimize the supply of components and materials to minimize costs and lead times for personalized products.
Personalisation of production is a phenomenon that is gaining importance in many industries, be it automotive, electronics or medical devices. In the context of Industry 5.0, the aim is to offer customers an increasing degree of customisation to meet their individual requirements without dramatically increasing costs. AI tools can flexibly control production lines, design variant assembly processes or quickly test and validate new design concepts.
In practice, this can mean that a home appliance company can produce dozens of different models and variants on a single assembly line, with many key parts sharing common components. Artificial intelligence makes quick decisions about which models to produce on which line at any given time to eliminate downtime as much as possible while meeting deadlines and customer expectations. In this way, efficiencies that were previously reserved only for serial belt production can be achieved, while also meeting individual needs at the level of piece-by-piece product modification.
A tool for ensuring the resilience of production systems: adaptability in a changing world
In today's globalised and rapidly changing world, production systems are exposed to various risks such as supply chain failures, natural disasters or geopolitical crises.  AI can help increase the resilience of manufacturing systems by:
· Anticipates and responds to disruptions: AI can analyse data from multiple sources and identify potential threats to the production process.
· Adaptively reschedules production: In the event of a supplier outage or other disruption, AI can automatically reschedule production to minimize the impact on customers.
· Enables rapid reconfiguration of production systems: AI can help quickly adapt production lines to produce different products when needed.
· Promotes decentralised production: AI will help organize a decentralized network of smaller, more flexible production units that are more resilient to local outages.
The ability to adapt quickly to changing economic and market conditions is becoming an increasingly important competitive advantage for companies. AI-driven systems are able to evaluate thousands of variables affecting production in real time and predict potential problems in cash flows, supply chains or the production facilities themselves. In situations where a key raw material temporarily becomes more expensive or an unexpected crisis occurs, AI is able to quickly choose new strategies to secure sub-supplies or substitute an alternative material with similar properties.
This approach is also supported by so-called digital twins, i.e. digital "twins" of production processes, equipment or entire plants. Using simulations and real operating data, it is possible to test a wide variety of variations and load scenarios. Operators and managers can thus evaluate in advance how the production system will behave in the event of changes in logistics, fluctuations in the price of key semi-finished products or the imposition of new international tariffs. With these digital twins, vulnerabilities can be identified and strategies can be proactively implemented to prevent or minimize the negative impact of such disruptions.
6.4. Conclusion: new approaches to AI design and implementation
The transformation of industry towards Industry 5.0 will require new approaches to the design and implementation of AI systems.  These systems must be:

· Human-centred: designed with the needs and capabilities of human workers in mind.
· Ethical: Respecting ethical principles and ensuring fairness, transparency and accountability.
· Secure: resilient to cyber threats and ensuring data and process security.
· Sustainable: contributing to environmental protection and sustainable development.
· Adaptable: able to learn and adapt to changing conditions.
7. Conclusion
The text deals comprehensively with the implementation of artificial intelligence (AI) in the industrial environment with an emphasis on Industry 4.0 and the perspective of the transition to Industry 5.0. It highlights the evolution from traditional automation systems that perform predefined tasks to intelligent systems that are characterized by learning and autonomous decision-making capabilities. Here, key tools such as machine learning, computer vision or digital twins find application in different areas of industrial production and provide a competitive advantage in terms of process optimisation, cost reduction or product quality improvement. The analysis also includes consideration of the historical context, which shows how the increase in computing power and the availability of large datasets have enabled the real deployment of AI methods in practice.
The main part of the text is devoted to specific tools and methods of artificial intelligence: (1) Machine learning is crucial for the analysis of large volumes of data, anomaly detection and predictive models (supervised, unsupervised and reinforcement learning). (2) Computer vision enables very precise optical inspection of defects, dimensional measurement or monitoring of manufacturing operations. (3) Digital twins provide virtual simulation of real systems, facilitating testing, fault prediction and process optimization. (4) Expert systems with rule bases continue to play an important role, especially where transparency and justification of automated decisions are required. (5) Natural language processing (NLP) helps automate the handling of technical documentation, increases search efficiency and enables conversational interfaces.
The implementation of these technologies is shown in detail in the text with examples from the automotive, process and energy industries. In the automotive sector, AI is applied in predictive maintenance and autonomous quality control, the process industry particularly appreciates the ability to model complex chemical processes and develop so-called soft sensors, while in the energy sector the focus is on predicting renewable generation and improving the security of distribution networks. All of these scenarios share a common emphasis on the benefits of increasing reliability, energy efficiency and flexibility of production units.
The text does not neglect the technical and economic aspects of introducing artificial intelligence into manufacturing plants. It mentions the necessary data infrastructure, which must process often huge volumes of disparate data (sensed from thousands of sensors). Many enterprises face the key decision of whether to use the cloud for sophisticated analytics or edge computing for fast responses. At the same time, AI needs to be integrated into existing systems such as SCADA, MES or ERP and the issue of integration with legacy infrastructure needs to be addressed. From an economic point of view, the text highlights the return on investment (ROI) in the areas of predictive maintenance, quality optimization or energy reduction, which are the most common "start-up" projects providing a quick effect.
The future trends and perspectives of AI in the industry are not neglected: explainable AI (XAI) responds to demands for algorithm transparency and strengthens trust in decision-making processes, federated learning (FL) addresses model sharing while preserving data confidentiality, neuro-symbolic systems combine the flexibility of neural networks with the logical structure of expert systems, and quantum machine learning points the way to further accelerate large-scale computing. At the same time, the trend of AutoML and model-less AI is highlighted, bringing advanced methods to a wider number of companies by automating the model training process. Industry 5.0 then represents a step towards closer collaboration between man and machine, opening up space for personalisation of production, sustainability and resilience of production chains.
In conclusion, it appears that artificial intelligence in industrial applications goes beyond mere replaceable automation systems. It is becoming a tool that establishes a deeper synthesis between manufacturing processes and human decision-making in real-time. For organizations looking to develop their competitive advantage, data architecture, compatibility with existing IT/OT systems, the range of available resources, and employee needs must be considered. In addition, the promotion of ethical, safety and sustainability principles in AI is gaining importance, especially in light of Industry 5.0 emphasising the human factor, the creative approach and environmental responsibility. As a result, companies that successfully integrate AI into their production processes will be able to respond more quickly to market changes, offer personalised products in shorter cycles and actively contribute to an environmentally friendly value chain.
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