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Abstract
The integration of cross-company activities to form global supply chains (SC) has several benefits, including reducing 
costs, minimizing energy and resource waste, and promoting relationships for improving all network actors. However, as 
the number of tiers of suppliers and customers increases, monitoring processes and identifying problems becomes more 
challenging, which can threaten the continuity of the SC. To address this issue, the EU knowlEdge project proposes using 
artificial intelligence (AI) solutions that are distributed, scalable, and collaborative to enable automatic monitoring and 
learning in the SC. This approach replaces rigid organization with flexible networks that leverage self-learning algorithms 
and automatic value creation, thereby facilitating knowledge sharing. The project unifies technologies from various 
domains, including AI, data analytics, edge, and cloud computing, into a software architecture that offers a systemic 
solution rather than an incremental improvement. This architecture enhances SC performance, including adaptability 
and autonomy, and enables industry to adopt adaptive strategies. The platform’s functionality is tested in manufacturing, 
where it will improve production monitoring and planning and enable human intervention and learning. The AI applica-
tion is expected to increase performance on various business and production indicators, which will also have an impact 
beyond the factory floor. With this approach, managers can respond quickly to changing customer requirements, while 
deviations in planned processes can be addressed more effectively. Additionally, the research conducted by the project 
will provide insights into future management and learning in SC.
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1 Introduction

In today’s global economy, companies and their operations are virtually inseparable from their supply chains [1, 2]. Due 
to the integrative nature of supply chains, they are often also referred to as value chains or value networks. While this is 
originally an allusion to Porter’s value chain concept, whereby an organisation is a sequence of value-adding activities, 
it also recognises the value creation potential that arises from the sometimes far-reaching and global spread of produc-
tion activities [1, 3, 4]. The extension and outsourcing of activities are, of course, based on the recognition that different 
organisations specialise, leading to product differentiation and relative cost advantages. Their reintegration in the form 
of global supply chains creates real competitive advantages so that competitiveness is now a question of how best to 
organise supply chains [5–8].

In addition to the usual performance targets within the supply chain, which focus primarily on product and process 
improvements, and in logistics, for example, on performance levels and quality, other targets such as those concerned 
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with ecological efficiency and avoidance of waste have received great attention [9–15]. Thus, processes surrounding 
modern supply chains are based on a pronounced dynamism, complexity and lack of visibility. Consequently, supply chain 
management is constantly occupied with reducing complexity wherever possible and creating transparency [16–18].

The error-free execution of production and logistics processes characterises a form of robustness. Deviations from 
targets or plans within a certain range can be eliminated independently. Many factors, some of which can be found in the 
design of a supply chain, others in areas such as production or distribution, have an influence on the quality leadership 
that is so important for competitiveness. These factors include, for example, an increase in complexity due to network 
expansion, a lack of coordination between areas or partners in a supply chain, process disruptions, delayed or errone-
ous information flows and insufficient service levels and the associated loss of customers [4]. Where robustness and 
resilience, which refers to the ability to recover quickly and effectively from disruption, are to be consolidated or even 
increased, sacrifices often have to be made in terms of financial gain [19]. However, recent developments in connection 
with COVID-19 in particular have shown that the desire for robust chains is often greater than the desire for efficiency. 
But even after the effects of the Corona pandemic have faded, the shift to resilience is likely to be permanent. That is, the 
strategic focus will increasingly be on continuity, which means the maintenance of operational processes.

A significant part of the robustness and resilience of production processes and the supply chain is provided by the 
increase in digitalisation [20–23]. Modern technologies allow both more precise and accelerated processing of opera-
tions. On the one hand, this relates to communication between value-creation partners per se; on the other hand, with 
the help of these technologies, it is possible to carry out extensive data analyses that cannot be done by humans alone. 
Artificial intelligence can independently develop solutions to emerging problems based on dynamic models. Artificial 
intelligence, unlike conventional software, can learn from its own data accumulated over time as well as from data from 
other connected data sources. Forecasting, risk management and resilience are given a decisive boost by the use of 
artificial intelligence [24].

In response to all the needs and demands, the European project knowlEdge - Towards Artificial Intelligence powered man-
ufacturing services, processes, and products in an edge-to-cloud-knowledge continuum for humans [in-the-loop] (2021–2023) 
has developed an architecture for an information technology platform that combines the needed requirements (www.
knowlEdge-project.eu).

The article presents a case study approach in which the primary actor of analysis is a company from the dairy food 
industry. The study is a combination of theorizing and empirical qualitative analysis of the initial development phases, 
describing the application of artificial intelligence to operational planning and the envisioned impacts, both short and 
long-term. The knowlEdge project has started in January 2021, is scheduled to run for 3 years, and is currently in the phase 
of integrating components and implementing the use cases. Thus, it does not depict final results but contains expected 
outcomes based on performance indicators.

Before outlining the architecture and applying it to the use case, I first provide a background by discussing the benefits 
of artificial intelligence in the supply chain, then write about the characteristics of adaptive supply networks.

2  Artificial intelligence in the supply chain

Artificial intelligence aims to imitate certain human abilities concerning learning and thinking. IT systems can indepen-
dently find solutions to problems that arise using artificial intelligence. Dynamic models can be created based on col-
lected data - i.e. experience. The data basis does not necessarily have to be the system’s own; unknown parameters from 
other data sources can also be included. Depending on the requirements, data can be found, extracted, summarised 
and analysed. This can then be used, for example, to determine probabilities of occurrence for events and to recognise 
behavioural patterns [4].

The idea of a learning organisation that uses technologies that perceive, recognise and also learn independently is 
reflected in the concept of cognitive manufacturing [25]. Analogously, we can speak of the associated supply chain of 
a cognitive supply chain [4].

Supply chain management is highly information-intensive, requiring an understanding of complex, interconnected 
decision-making processes that are critical to collaborative problem solving, particularly about joint demand planning and 
forecasting processes across diverse supply chain partners. Artificial intelligence, therefore, offers enormous benefits. It can 
improve efficient analytics and provide meaningful simulations and notifications. This will improve the efficiency of a sup-
ply chain, increase resource and energy efficiency, reduce emissions, significantly improve responsiveness, i.e. agility within 
the supply chain, and thus also ensure the security and optimal risk management of a supply network [26]. As such, the 
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application of artificial intelligence is comprehensively transformative and has enormous potential for improving workflows 
and production processes.

3  From rigid to adaptive supply chains

When data is collected and exchanged in the supply chain, different activities in the chain are coordinated with the part-
ners and previous individual solutions ought to merge with others, the previous rigid and rather hierarchically organised 
supply chain is replaced by an adaptable and flexible structure [4, 27, 28]. In the evolving network, events and activities 
can be synchronised with each other [4]. This concerns predominantly production itself with its manifold processes, which 
is brought into line with the logistical material flow and the exchange of information necessary for this. Secondly, it also 
involves the employees of the companies throughout the entire network. Since the classical hierarchy is consciously 
abandoned, it is possible to react autonomously to unexpected events, disruptions or the like [29].

The most important characteristics of this approach are, for example, flexibility, speed and efficiency, as work is done 
in a way that bypasses hierarchies, whereby the hierarchy stands for rigidity and a lack of efficiency. Furthermore, the 
adaptable network can better adjust to customer wishes, which is best described by the term customization [30]. Greater 
decentralization strengthens situational awareness, which allows a variety of responses to events, changes and disrup-
tions. With these characteristics, the prerequisites for the intelligent supply network are fulfilled.

The technical components of an agile supply network can learn [31–33]. This is to be understood in the context of 
cognitive technologies in general and artificial intelligence in particular. In cooperation with employees of a company 
or a supply network, recommendations for action can be derived, for example. The employees, who are embedded in 
various work process loops and who are also learning themselves, form a cognitive, learning organisation with artificial 
intelligence. Thus, a supply network has an evolutionary characteristic. This means that employees can flexibly adapt 
their respective work processes, which are embedded in the network in the broadest sense, and also change them at 
short notice.

Ideally, the adaptation also applies in the opposite sense, namely when employees support the data basis of the arti-
ficial intelligence based on their own experience, i.e. contribute experience and domain expertise in such a way that the 
respective algorithms experience a fundamental quality improvement. This is an improvement of the kind that artificial 
intelligence models cannot contribute solely based on their data collection.

The aspiration to realise sustainable factories aims, on the one hand, to create significant and sustainable competi-
tive gains through the intelligent synthesis of technologies, tools and methods. Artificial intelligence, as described, can 
help companies to operate successfully in an increasingly challenging environment where change seems unpredictable 
but is nonetheless continuous. The second aspect is focused on increasing resource and energy efficiency. Due to the 
increasing demand for goods, relative scarcity of resources and the desire to mitigate the effects of climate change, the 
introduction and diffusion of artificial intelligence tools is increasingly important. The goal of producing more with less 
is an important contribution to achieving environmental sustainability. The technical foundations of knowlEdge enable, 
for example, the production of zero-defect products with predictable quality. At the same time, planning processes can 
be optimised due to improved decision support. Both contribute to lower energy consumption and waste generation 
throughout the supply network.

Figure 1 highlights the major areas and improvements, which the knowlEdge project’s main product, an information 
technology platform, creates. It constitutes the foundation for the fundamental activities and processes in companies 
and across supply networks, helps to monitor material and information flows, and supports decision-making, both at 
operational and strategic levels of management [1, 34, 35].

4  The knowlEdge platform

The knowlEdge platform [36] was developed in response to the fact that artificial intelligence is one of the biggest 
trends in current industrial development and the resulting need for companies to adapt to remain competitive 
(Fig. 2). It is also important to consider that the barriers to the use of artificial intelligence, in general, are extraor-
dinarily high. This includes the complexity of developing such algorithms, which is exacerbated by the lack of 
skilled labour. Therefore, the architecture is developing artificial intelligence solutions that are not only agile, but 
also collaborative, standardised and reusable. The requirement to be accountable and secure is also supported. In 
terms of the requirements of a supply network, it is equally indispensable to offer distributed and scalable solutions.
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From a methodological perspective, knowlEdge integrates cognitive technologies from different domains, includ-
ing artificial intelligence, distributed data analytics, embedded computing, internet-of-things, cyber-physical sys-
tems (CPS), software engineering, edge and cloud technologies, into a unified software architecture. This is par-
ticularly interesting and relevant where the combined integration of diverse functionalities is a challenge, which is 
especially the case in integrated supply chains. The unified architecture here addresses the problem of interfaces, 
which continues to cause breaks in the exchange of information and problems in countless companies, alliances 
and supply networks.

Developments in knowlEdge architecture include several main elements whose integration, as described, 
addresses the biggest challenges for supply chains. These elements include an intelligent decision-making layer that 
provides interfaces to users and offers the so-called human-in-the-loop aspects of the platform. These interfaces 
enable human knowledge, for example in the form of expertise on specific facts, routines, supply processes or the 
like, to be brought into the algorithm, to improve the data generated from the models, to understand analytical 
results via advanced user interfaces and to gain insights into processes.

Second, the architecture contains a management layer, which serves to semantically represent and store knowl-
edge generated and consumed in all parts of the platform and various related services and to exchange/sell this 
knowledge. This is a feature, which can greatly accelerate the expansion and application of artificial intelligence 
routines across a supply network or indeed an entire industry. It can also lead to an entirely new business model 
for companies involved in training and subsequently selling adequate models.

Third, the platform includes an artificial intelligence and data analytics layer that covers the life cycle of an 
artificial intelligence algorithm from function development, model training, model evaluation and assessment, 
model deployment and model maintenance. Fourth, the architecture also incorporates a data integration and 
management layer that is responsible for ingesting data from the supply network into the platform. This can be 
data from a factory floor, manufacturing systems, warehouses or even vehicles, and from diverse and geographi-
cally dispersed sources. This module thus ensures the interoperability between different components which is 
indispensable, especially from the point of view of a supply network. The data can be provided from the IT side 
within a continuum of cloud, fog and edge.

As a fifth module, the architecture also includes a platform service layer that contains cross-platform functions 
and covers the provision of algorithms in the platform. In addition, this module contains components that ensure 
the security of the platform.

The combination of the technologies already mentioned at the beginning into a unified architecture prepares 
the basis for several important innovations. The architecture enables knowledge discovery and management, dis-
tributed and parallel computing, digital and multi-sided platforms as an infrastructure capability, data management 
and data administration, use of a computing continuum in the form of edge-to-cloud deployment capabilities, plus 
the ambition to create or enable human-centred design and human-computer interaction.

Fig. 1  knowlEdge response to 
the needs of industrial supply 
chains
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5  Use case: applying the technology

During the development phase of the architecture, several use cases from different manufacturing and process 
industries were selected [37]. These cases indicate an obvious need for AI-based adaptations to address challenges. 
These challenges are related to process improvements, for example, energy and resource efficiency and waste reduc-
tion, and enabling and promoting human engagement (human-in-the-loop) in process chains. Other issues to be 
considered that slow down the digitalisation of manufacturing processes in general and supply networks include 
data quality issues, lack of IT infrastructures and secure frameworks for the use of such advanced support tools as 
artificial intelligence.

In the following, the focus will be on a company in the dairy food industry. The use case is appropriate because it 
shows typical problems that a supply chain brings with it and that can be addressed with the help of the AI solution 

Fig. 2  knowlEdge platform architecture (knowlEdge-project.eu)
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and the integrated architecture. The designated company mainly processes or produces fresh milk and dairy prod-
ucts. As perishable products, the coordination of their production processes and their consequences for the supply 
chains becomes central. Both, robustness in terms of maintaining production and resilience to respond to unexpected 
disruptions are important. This is not only to be understood in the context of a general increase in efficiency or the 
avoidance of unnecessary waste. Coordination is also crucial for the sustainability of food systems.

The basic problem is optimal planning and scheduling of the supply chain, forecasting, and optimisation of production 
batches. Therefore, one objective is to develop a finite capacity planning tool, which supports planning the production 
flows considering the constraints and limits of the entire production flow, for example the production capacity of certain 
production lines. The approach will help improve production efficiency and reduce potential losses. Under the second 
objective, information will be extracted from various data streams (production data, warehouse data, product traceability, 
measurements in the workshop, etc.). This will allow for better prediction of requested volumes, optimisation of internal 
inventory management, reduction of raw material inventories, improvement of production processes, and reduction of 
waste. In addition, production and related logistics processes can be better coordinated [38].

The solution to the above challenges is based on the platform’s functions and consists of three scenarios. First, plan-
ning the production schedule; second, monitoring production; and third, adjusting the production process in real-time. 
Together, these scenarios cover the process of demand, forecasting, planning and monitoring the flow of production in 
a typical manufacturing company [37, 38].

Production schedule planning involves advanced analyses to identify constraints and prioritize orders in order to opti-
mize production efficiency. By showing constraints between machines, production lines, and processes, the artificial 
intelligence system can help to identify potential bottlenecks and prioritize orders accordingly. This ensures that pro-
duction runs with minimal downtime. By simulating the entire production process in the plant and taking into account 
the current inventory state of the warehouse, the system can provide statements about the need for raw materials and 
suggest possible rescheduling of the production schedule.

Monitoring production involves automated systems collecting data directly from sensors within the production facili-
ties in real-time and integrating it from a wide range of sources, including data from mobile sources such as logistical 
data. This allows for a comprehensive and detailed picture of the production process to be generated in real-time. The 
system then uses this data to provide suggestions for decision-making, which can be based on both real-time data and 
historical data. By continuously collecting and evaluating real-time data, the system can identify deviations from the 
norm and provide suggestions for corrective action. Historical data can also be used to compare current performance 
with past performance.

Real-time adjustments to the production process involves constantly monitoring and analyzing the production pro-
cess. The artificial intelligence system can quickly detect any deviations and identify their causes and consequences 
for upstream and downstream activities. This allows for timely interventions to rectify any problems and minimize their 
impact on the production process. The use of historical data and real-time monitoring also allows the system to offer 
suggestions for possible decisions. This helps employees to make informed decisions quickly and efficiently, saving 
time and reducing the likelihood of errors. By allowing employees to intervene and improve the system’s database, the 
AI system can continuously learn and improve over time, making it even more effective at identifying and addressing 
production issues. Documenting any deviations and errors, as well as their remedies, is also essential in continuously 
expanding the database and improving the AI system.
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In terms of concrete and measurable improvements, several key performance indicators (KPI) were developed (Table 1). 
The Scheduling Hours metric aims to reduce the time spent on production planning or scheduling. The number of hours 
should be reduced by half on average. This is followed by the Response Time needed to create a new production plan 
based on real-time data, which should also be reduced by half. This KPI reflects both the time it takes to respond to a 
disruption or unexpected event in the supply chain and a robust supply chain design. The simulation capabilities of the 
solution aim to increase the Overall Equipment Effectiveness (OEE) by two to five percent when compared with data 
based on historical performance. OEE refers to the measurement of the actual availability of production equipment, its 
utilisation and quality. This KPI is therefore significant because it aims to show the assurance of reliability, availability and 
end-to-end process stability. Conversely, underutilisation and low plant efficiency can have an impact on the stability 
of value chains. The metric is, therefore, a contribution to the transparency of supply chain utilisation and robustness. 
Further, the Productivity metric refers to the reduction in the number of man-hours required to produce one ton of 
product. Specifically, man-hours are to be reduced by two to five per cent. Closely related to OEE is Downtime. Here, the 
goal is to reduce downtime and set-up times per ton of production by ten percent in one week. The objective of reducing 
downtime aims to improve the robustness of the supply chain. At the same time, Scrap should also be reduced by ten per 
cent per ton of production per week. Overall, the Forecasting Accuracy, i.e., the reduction of the percentage error rate in 
the prediction compared to the prediction of the actual production data, is to be reduced by ten per cent. A high level of 
forecasting accuracy indicates that a supply chain is robust and able to effectively anticipate demand fluctuations [39].

6  Discussion

Based on the above architecture and the outlined scenarios for the application of artificial intelligence, the first compo-
nents for the case study have already been developed and integrated. By the end of the project (12/2023), the under-
standing of the platform’s capability in the company and the possibilities for interaction between the software solutions 
and the human operators will increase. This will ensure effective use.

As a result of the work, the company expects to be faster in the production planning phase and thus improve the 
collaboration for its upstream suppliers and the service level for its downstream customers. Through better forecasting, 
it is also expected that inventory management and other operational activities will be supported in such a way that the 
company can better adapt to the increasing variability of the market. Responsiveness is expected to be integrated into 
the production structure. Remaining manual tasks in planning will be significantly facilitated [38].

Since the solutions can be applied to a wide range of areas, including pre-planning, actual production planning 
and production execution, the platform is also relevant to a wide range of manufacturing companies that have similar 
challenges and need to respond to them similarly. Moreover, the concept of generative planning combines artificial 
intelligence and human creativity to deliver products or services at an accelerated rate [40]. The human-in-the-loop 
aspect, as considered in the production planning use case, is an element of collaborative planning. This is an important 
factor in the agility of the whole complex because human engagement coincides with a greater degree of autonomy. 
Decision-making in this use context is not centralized but up to the discretion of the human operator. In unforeseen situ-
ations and circumstances, the system can react and is not paralysed due to a rigid structure, both in terms of traditional 
information technology solutions and hierarchical management approaches. As a result, we can expect more resilient 
supply networks.

Overall, the platform is a systemic solution, not just an incremental adaptation. It can increase the performance of 
company actors in entire supply chains, provided that appropriate algorithms and suitable data flow infrastructures exist 
at the relevant interfaces. This increase leads to greater adaptability and flexibility. This leap in performance can also be 
attributed to individual nodes in the supply network, i.e. from individual devices that serve as integrated data sources 
to employees who use their wealth of experience to complement artificial intelligence.

While it is almost obvious that artificial intelligence can revolutionise practices in the industrial supply chain, not all 
organisations are capable or ready to adopt this technology. Important areas where challenges exist include strategy 
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and management, products and services, competencies and capabilities, collaboration, internal processes, data use 
and readiness for technology adoption [41]. From a strategic perspective, a company’s management must understand 
the benefits of using AI in its business activities. For example, relevant expertise and skills should be in place, even if the 
goal of software developers and designers is to develop more self-explanatory solutions. Data requirements also need 
to be understood and confidentiality and compliance requirements defined, both in terms of business needs and legal 
requirements. In addition, organisations would do well to define a roadmap for the adoption and use of AI solutions and 
understand how new solutions can be integrated with existing processes and legacy technology.

7  Conclusion

The knowlEdge innovations lead to a new generation of AI-based services and can transform the way supply chains are 
managed. The industry can adopt agile and flexible strategies using its integrated supply chains. This allows to rapidly 
react to changing customer needs while optimising processes and quality control. A learning environment ensures that 
future deviations in planned processes can be addressed better.

In this context, it is conceivable that rigid organizational management structures will be complemented or even 
increasingly replaced with decentralized decision-making. Thus, the changes that accompany the introduction of 
advanced information technology and artificial intelligence will have an impact on the understanding of future man-
agement, both strategic and operational.

Learning is the central theme of the cognitive supply chain. Learning stands for evolution and for the ability to adapt 
to changing conditions. The indeterminacy of the future is not a problem for a learning cognitive system. The architec-
ture of the knowlEdge platform, in which humans can form a strong alliance with technology, will therefore also be of 
particular importance concerning the adaptive capacity, resilience and sustainability performance in the supply network.

The possibilities for human engagement in a supply chain shaped by cognitive technologies have only been touched 
upon here. Future research will have to address how knowledge in the form of experience and domain expertise can be 
captured in different work environments and contexts.
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