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Executive Summary 
The aim of this report is to present an overview of the landscape of AI applied to industry and 
manufacturing, drawing on existing reports from industry and public administration,  as well as from 
scientific publications. In this preliminary version, which will be revised and extended in two future 
versions during the life of the project, we provide a harmonised view of the most common 
applications of AI in manufacturing industry, the different techniques used, the main barriers to AI 
adoption, the stakes of the different European governments regarding the digitisation of 
manufacturing industry and the different ethical aspects to be considered in order to implement 
reliable AI. We also report on the different activities carried out within AI4EU with respect to 
manufacturing that KnowlEdge can benefit from, potential avenues of collaboration and related 
projects that will contribute to the implementation of AI in the manufacturing sector.  
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0 Introduction 

0.1 knowlEdge Project Overview 
KnowlEdge is a project funded by the H2020 Framework Programme of the European Commission 
under Grant Agreement 957331 and conducted from January 2021 until December 2023. The 
knowlEdge consortium consists of 12 partners from 7 EU countries, and its solution will be tested 
and evaluated in 3 manufacturing sectors with a total budget of circa 6M€. Further information can 
be found at www.knowlEdge-project.eu 
AI is one of the biggest mega-trends towards the 4th industrial revolution. While these technologies 
promise business sustainability and product/process quality, it seems that the ever-changing market 
demands and the lack of skilled humans, in combination with the complexity of technologies, raise 
an urgent need for new suggestions. Suggestions that will be agile, reusable, distributed, scalable, 
accountable, secure, standardized and collaborative.  
To break the entry barriers for these technologies and unleash their potential, the knowlEdge project 
will develop a new generation of AI methods, systems and data management infrastructure. This 
framework will provide means for the secure management of distributed data and the computational 
infrastructure to execute the needed analytic algorithms and redistribute the knowledge towards a 
knowledge exchange society. To do so, knowlEdge proposes 6 major innovations in the areas of data 
management, data analytics and knowledge management: (i) A set of AI services that allow the usage 
of edge deployments as computational and live data infrastructure, an edge continuous learning 
execution pipeline; (ii) A digital twin of the shop-floor to test the AI models; (iii) A data management 
framework deployed from the edge to the cloud ensuring data quality, privacy and confidentiality, 
building a data safe fog continuum; (iv) Human-AI Collaboration and Domain Knowledge Fusion 
tools for domain experts to inject their experience into the system to trigger an automatic discovery 
of knowledge that allows the system to adapt automatically to system changes; (v) A set of 
standardization mechanisms for the exchange of trained AI-models from one context to another; (vi) 
A knowledge marketplace platform to distribute and interchange AI trained models. 

0.2 Deliverable Purpose and Scope 
 
This deliverable will document the results of task T2.3 Market Radar and Technology Adaptations, 
which mainly aims to explore the evolving scene of AI technologies related with industry and 
manufacturing while establishing collaborations bridges with the AI4EU community. In its first 
version, this report does not intend to be a systematic meta-review of the literature, but to offer a 
complete overview of the trends identified by the major relevant industry leads and public 
policymakers. For the different sections we have collected relevant reports and articles that support 
portraying the current technology landscape in the manufacturing sector, the challenges and existing 
use cases. The scope of the report until its last version at the end of the project lifetime covers the 
overview of the AI deployment in the manufacturing sector and related technologies, an overview of 
the AI in manufacturing sector by application, by technology and challenges. We will also identify 
the different European policy approaches for AI and manufacturing as well as the ethical and legal 
dimensions involved. Some of these dimensions will be added as the report progresses. Finally, we 
report on the AI4EU outcomes in the industry sector, existing assets and potential synergies. 
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0.3 Target Audience 
The D2.3 aims primarily at a general public audience related to the manufacturing sector. Basically, 
both the industry manufacturers and the AI scientists involved in manufacturing industry problem 
solving across Europe. 

0.4 Deliverable Context 
This report is based on the project procedures as defined within the knowlEdge Description of 
Action and Consortium Agreement and where necessary extends them in the operational aspects. 
However, it is subservient to those documents. 
It is one of the cornerstones for achieving the project results, identified as follows: 

• D2.3 Market Radar and Technology Adaptations [Initial/Updated/Final] (OTHER, PU, 
[M6/18/30]): this report describes the evolving landscape of AI technologies related with the 
industry and manufacturing sector 

0.5 Document Status  
This document is in its initial version, from the 3 versions planned during the project lifetime. 

0.6 Document Dependencies 
This document has no preceding documents and two more iterations are expected at month 18 and 
30 of the project. 

0.7 Glossary and Abbreviations  
A definition of common terms related to knowlEdge, as well as a list of abbreviations, is available 
at www.knowlEdge-project.eu/glossary 

0.8 External Annexes and Supporting Documents 
None 

0.9 Reading Notes 
None 

0.10 Document Updates 
None 
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1 Industry 4.0 and AI 
 
Artificial Intelligence (AI) is a technology that emerges as a decisive factor of change and promises 
a true automation of many sectors. AI brings to machines human capabilities like reasoning, learning, 
planning or problem solving allowing complex automated decision making. This is why as this 
technology grows and reaches maturity, new sectors and markets will adopt it in their respective fields 
due to the advantages it brings. 
 
Despite the growing interest in AI in all sectors of society, there is no standard definition for the 
concept of AI. AI has been defined in several approaches in relation to human intelligence, while in 
other cases related to intelligence in general [1] [2] [3] [4] [5]. Many definitions refer to machines 
that behave like humans or are capable of actions that require intelligence. As a sample, we present 
two representative definitions. 
 
On the one hand, the High-Level Expert Group appointed by the European Commission composed 
of 52 representatives of academia, industry, and civil society to support the implementation of the 
European AI Strategy. 
 
 

"Artificial intelligence (AI) systems are software (and possibly also hardware) systems designed by 
humans that, given a complex goal, act in the physical or digital dimension by perceiving their 
environment through data acquisition, interpreting the collected structured or unstructured data, 
reasoning on the knowledge, or processing the information, derived from this data and deciding the best 
action(s) to take to achieve the given goal. AI systems can either use symbolic rules or learn a numeric 
model, and they can also adapt their behaviour by analysing how the environment is affected by their 
previous actions." [6] 

 
 
In 2018, the AI Group of Experts (AIGO) at the Organization for Economic Co-operation and 
Development (OECD) came up with a definition that aimed to be understandable, technology-neutral, 
and merge definitions commonly used in scientific, business and policy communities. 
 
 

"a machine-based systems that are able to infer models and formulate predictions, recommendations, or 
draw decisions, that can in turn influence environment, whether real or virtual, according to objectives 
defined by human." [7] 

 
 
Since its early days in the mid-20th century [8], the frontiers of AI research and applications have 
continued to grow, along with the development of new techniques and the confluence of other 
complementary technologies. Although AI is often referred to as a single technological concept, it is 
composed of several distinct sub-fields that are often interrelated [9]. Examples of these sub-fields 
include natural language processing, computer vision, speech recognition or robotics. AI Watch [10], 
the European Commission knowledge service to monitor the development, uptake and impact of AI 
for Europe, proposes its operational definition of AI and a concise taxonomy to organise its core areas 
and cross-cutting areas such as ethics [11] (see Figure 1). Worth mentioning that these subdomains are 
not disjoint and usually related. In Annex A readers can find AI Watch's population of AI keywords 
in each subdomain. 
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Figure 1 AI domains and subdomains, constituting AI Watch's operational definition of AI [11] 

 
Since the birth of this discipline in the 1960s, the first decades of its career laid the technological 
foundations in laboratories, but the lack of computing power added to the scarcity of data did not 
allow to glimpse convincing results [12]. AI has regained the spotlight in the last decade after a winter 
of pessimism due to a lack of tangible results. With the advent of the internet, the explosion of data 
and high-performance computing, both obstacles were overcome, offering a promising future that we 
already enjoy today in our day-to-day life [13]. Continuous improvements in algorithms and hardware 
and the convergence of complementary technologies, e.g. robotics, sensors, Internet of Things, 
Digital Twin, have paved the way for a new generation of AI systems that require less human 
intervention and promise a new era of automation. In the industrial field, the first automation 
applications with robots and computer vision began a path that now culminates with Industry 4.0 [14] 
(see Figure 2).  
 
The substantial increase in computing power has been one of the transformative factors in the AI 
landscape since the 20th century when it was challenging to pursue machine learning approaches. 
Following Moore's Law [15], the power of microprocessors has doubled every two years, 
dramatically increasing computational capacity today. Advances in algorithmic efficiency have also 
played an important role. According to a study published by OpenAI [16], state-of-the-art algorithms' 
computational efficiency has increased 44 times between 2012 and 2019, improving their energy 
efficiency as well. Finally, the widespread use of broadband internet has contributed to a significant 
increase in the amount of data created and shared. Between 1984 and 2017, internet traffic has 
increased 8.13 billion times [17]. The growing adoption of IoT, with sensors becoming cheaper and 
faster, contributes to an increase in the volume, variety and speed of data exchanged. Between 2004 
and 2018, the average cost of sensors has fallen by 200% [18]. 
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Figure 2 Timeline of Industrial Revolution) [14] 
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The concept of Industry 4.0 (I4.0) was coined in 2011 within an initiative of the German federal 
government with universities and companies. This strategic programme aimed to develop advanced 
production systems with the objective of increasing the productivity and efficiency of the national 
industry [19]. This concept represents a further step in the evolution of manufacturing systems, 
integrating a set of emerging technologies that add value throughout the product lifecycle [20], from 
ideation to distribution to the customer. Industry 4.0 is based on the concept of Smart Manufacturing 
[21], adaptive systems where flexible production lines autonomously adjust production processes of 
various products to a set of changing conditions to increase productivity, quality and efficiency. 
 
The field of manufacturing in particular is undergoing a process of transformation due to its 
digitalisation, and AI has played an instrumental role in this change [22] . The advances in AI in 
recent years have opened up a range of possibilities in industrial automation that have yet to be widely 
exploited. Industrial automation has traditionally been part of manufacturing systems such as 
programmable logic controllers (PLCs) or supervisory control and data acquisition (SCADA) to 
collect sensor data. However, smart manufacturing involves combining and integrating emerging 
advanced technologies such as AI, cloud computing, and Industrial Internet of Things (IIoT) into 
traditional automation systems [14]. 
 
While AI in manufacturing is in infancy stage and current adoption rate at scale in the manufacturing 
sector is low, it is expected to increase in the next decade [23]. Manufacturing companies that fail 
appraising the importance of AI will likely lose competitive edge. 
 
AI can affect companies in two ways: 1) by altering their business environment and facilitating the 
conditions under which they do business (e.g., using AI for marketing and advertising) or 2) by 
altering their business practices and models, enabling them to improve their reach, productivity and 
scalability (e.g., optimizing their logistic or production models using AI) [9]. These two dynamics 
are not mutually exclusive and are related. Advances in ML create new conditions for a fundamental 
change in business since the previous wave of computerisation [24]. Classical knowledge-based 
systems required excessive effort and involvement of experts to define system rules. However, new 
generations of unsupervised algorithms can learn from large volumes of data with unstructured tacit 
knowledge, identifying patterns by emerging expertise in an autonomous way to make predictions, 
recommendations or to automate non-routine tasks that previously required human intervention. The 
main areas of AI application in the industry are automation, computer vision, NLP, machine learning, 
and decision making [9].  
 
AI-empowered automation could free workers from tedious and repetitive low value-added tasks and 
allow them to be redeployed if provided with a new skillset. It can also offer new frontiers of 
workplace safety, detecting machinery failures, reducing human and economic costs related to 
accidents. 
 
New predictive capabilities, associated with large volumes of data and greater algorithmic efficiency, 
allow predictive analytics to perform at a lower cost than classical statistical prediction [25]. These 
predictive tools can help automate business projections such as demand, sales, stock flow, allowing 
companies to manage their business more agile with real-time data. 
Another possible impact of AI on I4.0 is through the changes it can generate in the internal value 
chain, affecting various functions, altering the cost structure and the company's value creation 
process. Supply chain management, logistics, marketing and sales and production, are the business 
areas where AI can significantly impact [26] (see Table 1 for some examples). 
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Table 1 Examples of AI applications in all the business areas [27] 

Business Area AI Application 
Direction, strategy, planning, management Decision support, predictive analytics, business 

projections 
General administration (accounting, finance, 
HR, etc) 

HR analytics, automation of routine tasks 

IT systems and networks increased cybersecurity 
Pre-production (R&D, design, etc) data analytics on customer data, sales, 

production to improve quality, automation of 
research processes, generative design  

Sourcing, procurement and supply chain data analytics on contract management, 
optimization of commodity flow, forecast of 
market fluctuation 

Production and operations optimization of planning, improved quality 
control, predictive maintenance to reduce costs 
and accidents 

Logistics and content delivery automation of warehouses and vehicles, 
increased reliability and integrity of the supply 
chains, smart roads reducing congestion time 
and cost 

Marketing, sales, advertising sales forecasting, targeted advertising, 
automation of customer services (e.g. chatbots) 

 
 
The KnowlEdge project aims to contribute to this revolution by bringing AI to the manufacturing 
sector, helping to make it more secure, efficient and automated. Within this initiative, the objective 
of this work is to offer a holistic vision of the presence of AI in the manufacturing sector, its current 
state, its potential and the trends with greater scope to make it more competitive. For this purpose, 
we will review the AI landscape in manufacturing and first-hand experiences in the implementation 
of this technology in the sector. 
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2 AI adoption in the manufacturing sector 
 
The spirit of the smart enterprise is to guide the business process with data and analytics. I4.0 will 
affect a wide range of sectors to increase productivity. According to Deloitte [28], the manufacturing 
sector will be one of the fastest-growing sectors in the global AI market in the coming years (see 
Figure 3), accelerating the digital transformation of production, management and logistics. 
 

 
Figure 3 Global AI market size (by industry) in 10 bilion US dollars. Source: [28] 

 
 
This growth is not without its challenges. An Accenture survey of 931 senior business executives 
across 12 industries and 21 regions reveals that nearly all want to implement digital technologies to 
improve the efficiency of their operations. However, only 13% of executives felt confident in 
achieving this goal, and 64% believed that failing to implement these improvements through digital 
technologies would mean their business would struggle to survive within a short three-year period 
[29] [30]. According to 2019 Deloitte's survey on AI adoption in manufacturing sector, 93% of the 
surveyed companies agreed that AI will be the key for growth and innovation in the sector [28]. 
Moreover, 87% of the companies declared having adopted or planning to adopt AI within two years. 
From the adopters, 18% have already perceived results, 34% were at piloting stages, 35% planned to 
deploy while 13% did not had plans to invest in AI. 
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The power of Data 
Data is a fundamental pillar for the implementation of AI. With the introduction of I4.0, the 
deployment of IIoT and the digitisation of companies, the manufacturing sector is leading the way in 
generating volumes of data [29]. An enormous amount of data has been generated in recent years 
during manufacturing processes, considering demand, production, quality control, distribution and 
logistics sources. For a factory with an average of 500 sensors taking data every 5 seconds, we have 
a volume of 360000 readings per hour, millions per day. It is estimated that the sector generates 1812 
petabytes of data per year, far exceeding other sectors (see Figure 4). This abundance of data provides 
very favourable conditions for training ML algorithms to detect patterns, anomalies or predict the 
durability of machinery. 
 

 
Figure 4 Annual data by industry. Source: Deloitte Research 

Potential by Country 
 
A Capgemini survey of over 300 large manufacturing companies revealed that Europe leads all major 
manufacturing countries in implementing AI solutions in their operations [31]. Of the cohort 
surveyed, more than half of European companies (51%) are implementing AI solutions, with Japan 
(30%) and the US (28%) in second and third place. In Europe, Germany leads the implementation 
ranking (69%), followed by France (47%) and the UK (33%). The conviction of AI's potential, 
coupled with the proper institutional support, will be potential catalysts for manufacturing companies 
to adopt AI in their operations. However, trends can change in the future (see Figure 5), a PwC forecast 
on GDP impact in AI by country, shows that China is expected to experience a GDP impact of $2.5 
trillion, the largest absolute gain, due to the size of the country's manufacturing industry and the 
significant investment that China is making on AI [23]. 
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Figure 5 GDP impact from AI in 2030 by industry, region and channel of impact (% of GDP) 

 
Potential by application 
A PwC survey over 1100 executives of global manufacturing companies reported where AI 
capabilities are being implemented [32]. Although AI has been deployed throughout fundamental 
parts of the business, companies have slightly focused on the core production processes (see Figure 6). 
 

 
Figure 6 AI implementation in manufacturing functions. Source: PwC 

 
Global Race for Innovation 
A study by the European Patent Office looks at International Patent Families related to I4.0 between 
2000 and 2018 [33]. The study records patents of high inventive value registered in at least two global 
offices (IPFs) related to I4.0. In 2018 alone, more than 40000 IPFs were registered, representing 10% 
of all patent activity for the year. Patents related to data exploitation represent 11000 IPFs in 2018 
and an increase of 22.5% compared to 2010.  Next figure a depicts the evolution of IPFs related to 
I4.0 compared to the rest of the technologies. 
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Figure 7 Global Growth of IPFs in the I4.0 technologies vs all technology fields, 2000-2018 

 
Observing the origin of patents (see Figure 8), the study confirms that the US remains the world leader 
with one-third of patents, compared to Europe and Japan with one fifth. On the other hand, China and 
Korea, starting from shallow levels in 2010, have seen a remarkable increase in recent years. China, 
in particular, had reached similar levels to Europe and Japan in 2018. 
 

 
Figure 8 Growth of IPFs in 4IR technologies by global innovation centres, 2000-2018 

 
Patent offices in different regions of the world treat computer-implemented inventions differently. In 
the EU, software-related inventions can be patented as long as they are clearly technical in nature. 
Although abstract machine learning algorithms are not patentable as such, patents can be granted for 
their application to solve a technical problem in a field of technology (for example, the detection of 
errors in metal sheets) or when adapted to a specific technical implementation (e.g., neural networks 
for graphics processing unit (GPU)). 
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Figure 9 Global growth of IPFs in enabling technology fields, 2000-2018 

 
According to EPO, innovation in I4.0 enabling technologies, including data management and core 
AI, has increased by 356% since 2010 (Figure 9). Data management technologies, pivotal in extracting 
value from massive amounts of data collected by IIoT and a critical catalyst for the deployment of 
I4.0, have led to much growth in this specific context. Core AI technologies show a striking increase, 
with an average annual growth rate of 54.6% since 2010, albeit with relatively low absolute numbers 
of IPFs so far [33]. 
 
EPO breaks down data management into four categories: monitoring (capturing data typically from 
IIoT), analytics and diagnosis, planning and control and prediction and forecasting. Figure 10 shows 
the global trends in all categories between 2000 and 2018. 
 

 
Figure 10 Global growth of IPFs in data management technologies, 2000-2018 

 
Skill Proficiency 
 
The Coursera Global Index [34] assesses over 65 million students and indicates their proficiency 
across 11 critical skill sets in 60 countries and across 10 industries. This annual report presents a 
snapshot for each region, country and industry for their skillsets compared to their peers and classifies 
them as "Cutting Edge" (score 0.76 to 1.0), "Competitive" (0.51 to 0.75), "Emerging" (0.26 to 0.50) 
and "Lagging" (0.0 to 0.25). These measures are particularly relevant in the I4.0 revolution, where 
regions and industries need to understand, develop and deploy specialised talent to ensure long-term 
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employment and competitiveness. In the following image, it can be seen the global radiograph 
regarding proficiency in the data science skillset.  
 

 
Figure 11 Global data science skill proficiency 

 
 

Table 2 World trending rank of skills per skillset cluster 

BUSINESS TECHNOLOGY DATA SCIENCE 
Microsoft Excel  
Project Management  
Digital Marketing  
Blockchain  
Business Analytics  
People Management  
Writing  
Human Resources  
Product Placement  
Supply Chain 

C  
Artificial Intelligence 
 JavaScript  
Web Development  
User Experience Design  
Cybersecurity  
Convolutional Neural 
Network  
Cloud Computing  
Internet of Things 
 Application Programming 
Interface 

Python  
Data Storytelling  
SQL  
R  
Deep Learning  
TensorFlow  
Cloud APIs  
Multi-Task Learning  
Linear Algebra  
NLP 

 
Europe dominates the rankings in all three domains related to I4.0. The 15 best-skilled countries 
globally are in Europe, with Switzerland, Finland and Russia topping the rankings. This trend is 
supported by EU policy, its flagship programme for education and exchange Erasmus+ prioritises 
digital skills, and it shows in the results. 
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Table 3 Overall skill proficiency ranking per industry 

BUSINESS TECHNOLOGY DATA SCIENCE 
Manufacturing  
Professional Services  
Telecommunications  
Technology  
Healthcare  
Finance  
Insurance  
Automotive  
Consumer Goods  
Media & Entertainment 

Technology 
Media & Entertainment 
Finance 
Professional Services 
Manufacturing 
Consumer Goods 
Automotive 
Telecommunications 
Healthcare 
Insurance 

Technology 
Finance 
Automotive 
Telecommunications 
Media & Entertainment 
Professional Services 
Healthcare 
Manufacturing 
Consumer Goods 
Insurance 

 
 
The Coursera Global Index [34] ranks the different industries related to their preparedness in the three 
skill pillars (see Table 3). The manufacturing sector excels in its business and technology readiness 
compared to other industries, while it lags behind in data science at #8 out of 10 industries. As the 
different processes in the sector become more automated and intelligent, skills such as predictive 
analytics, data visualisation, and forecasting become a trend (see Table 4). In the table we can see the 
most trending skills in the manufacturing sector for the different areas. 
 

Table 4 Manufacturing sector rank of trending skills per skillset cluster 

BUSINESS TECHNOLOGY DATA SCIENCE 
Microsoft Excel  
Project Management  
Digital Marketing  
Supply Chain 
Technology Strategy 

Artificial Intelligence 
Internet of Things 
Algorithms 
Agile Software 
Development 
Javascript 

Python  
Data Storytelling  
Deep Learning 
SQL  
MATLAB 
 

 
As technology advances, the workforce must adapt its skill proficiencies to the changes in its sector.  
The sector must modernise its workers to adopt the changes required to deploy the I4.0 in an effective 
and scalable way. The World Economic Forum identifies seven skills clusters that will shape the 
future of the labour market, including AI and data, projecting 6.1 million new jobs over the next three 
years [35]. Companies with highly skilled talent, especially in digital skills, see their stock 
performance increased [34]. 
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3 AI in manufacturing sector by applications: Supply Chain 

4.0 
Supply chain management (SCM) is a vast process, whose definition and reference models have 
evolved over the years [36] [37]. It is commonly recognised as a collection of different business 
functions (e.g., raw materials procurement and management, production, logistics, marketing) in a 
manufacturing company working together to improve the flow of products, information, and finances. 
Referring directly to the name, it can be said that the chain is a combination of its individual links in 
the process of delivering products (material and services) to the market. 
 
A properly organised and analysed real-time supply chain is currently one of the most effective 
methods of gaining a competitive advantage, cost optimisation and improving key financial indicators 
[38]. However, the implementation of such a scenario requires reorganising the process itself and the 
use of advanced IT tools that enable ongoing control of the supply chain and facilitate its further 
optimisation. 

 
Figure 12 Supply Chain 4.0. Source: McKinsey [39] 

 
 
The reorganisation of supply chains through the use of I4.0 advanced technologies, such as the 
Industrial Internet of Things, Artificial Intelligence and Big Data and autonomous robotics, is 
transforming the supply chain management model from a linear one, in which instructions flow from 
supplier to producer, to distributor, to consumer and vice versa, to a more integrated model in which 
information flows omni-directionally in the supply chain. While e-commerce integrates many of these 
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techniques, they also promise to improve the efficiency of physical shops. These technologies 
generate huge benefits by reducing costs, making production more responsive to consumer demand, 
boosting employment (in the sectors of the supply chain where these technologies are most likely to 
be applied) and saving consumers time [40]. Supply Chain 4.0 is born. According to a Deloitte report 
[28] analysing the AI adoption rate in the supply chain among manufacturing companies over the 
following years, areas of the supply chain such as logistic services, demand management, forecasting, 
and inventory management will increasingly implement AI techniques. 
 
AI's ability to analyse vast volumes of data, understand relationships, provide visibility into 
operations, and support better decision making can help automate many laborious tasks and allow the 
companies to achieve their goals. For example, in the case of demand management and forecasting, 
it guarantees the availability of the right products at the right time. Based on parameters such as time 
spent on a given page, frequency of searching for a given word or recently purchased products, it is 
possible to create links, patterns, and deviations from the norm to determine the potential customer 
behaviour - on this basis, the system sends information about the need to increase the supply of 
products. Logistics services are improved by analysing data obtained from sensors located in 
intelligent machines and vehicles, enabling the timely delivery of undamaged goods. Another 
challenge of AI in the supply chain is providing automated customer service solutions. According to 
the Walker Research [41], customer expectations and the shopping experience will become a more 
important criterion for client decision-making than price. Therefore, organisations combine natural 
language processing methods with statistical data on consumer purchases to precisely profile each 
client and create an offer ideally suited to his needs.  
Although many AI techniques can be applied to such a broad field as SCM, some works report that 
specific techniques are used more than others [42]. A significant portion of the articles analysed in 
this report are concerned with Artificial Neural Networks (ANN), Fuzzy Models and Genetic 
Algorithms (GN).  ANNs, due to their capability of solving data-intensive problems and impressive 
versatility, are used for sales forecasting, marketing Decision Support systems, pricing and customer 
segmentation to production forecasting, supplier selection, demand management or consumption 
forecasting. The following sections will dive into the application of AI in different points of the SMC. 
 

 

3.1 Logistics optimization 
In the manufacturing sector, logistics plays the role of managing the flow of products and components 
between different locations, internal or external. A global network of suppliers and customers 
complicates logistics operations that can benefit from AI application in different ways and with 
different approaches, from heuristics and planning, multiagent systems and decision support systems, 
to deep learning and robotics [43].  Accenture reports that 62% of freight&logistics companies have 
adopted or are currently piloting AI [44], leveraging different solutions that help facing common 
logistics problems like increasing fuel costs (e.g. poor route optimization, traffic or road 
maintenances), empty truck miles (improper forecasting of supply/demand can end up in trucks not 
fully loaded), fleet maintenance (truck unexpected downtimes due to bad maintenance planning).   
 
Planning: Logistics requires a high degree of planning for coordinating suppliers and customers, and 
different units within the company. Planning is critical in many phases of logistics: internal/external 
transport consolidation and routing, warehouse organisation, pick and pack strategies or the use of 
loading gates and staging. For example, in daily truck planning, the expert must manage loading lists 
that need to be assigned in a specific sequence to a list of trucks. Each load and truck has slight but 
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relevant variations in weight, volume, temperature, door type that affect the decision. Thus, there is 
a long list of known variables that influence the fleet planning for each day. 
Planning is one of the main areas of AI and has many success cases for solving known complexity: 
modest volume of data, structured information, clear objectives. AI planning techniques improve on 
classical human planning by exploring the decision space more quickly and efficiently. 
 
Automated warehousing: according to the MHI Deloitte report [45] the most prominent uses of 
robotics and automation revolve around warehouse logistics: picking/packing/ordering orders (42%), 
loading/unloading/stacking (34%) and moving materials/products within the facility (30%). The 
warehouse logistics robots’ market was valued at $2.28 billion in 2016 and was expected to grow at 
a CAGR of 11.8% between 2017 and 2022 [46]. Although the e-commerce sector leads automated 
warehousing adoption, it is gradually being adopted by the manufacturing sector. 
Modern sensors combined with state-of-the-art machine learning techniques enable a very high level 
of automation that can flexibly adapt to changes in the environment. Most automation processes 
involve recognising objects and the mechatronics required to pick them up/move them. With the 
introduction of deep learning, the description of objects is learned automatically by the algorithms, 
as well as the recognition of obstacles or humans in the factory. DL-based AI systems can 
unambiguously classify previously unseen images, locate known objects autonomously, and adapt to 
new situations, e.g. by using transfer learning techniques [47] [48]. In this warehouse automation 
spectrum, damage inspection also plays a relevant role; robots can detect damaged packages that are 
not compliant with quality standards and proceed with the planned measures. 
 
Autonomous vehicles:  One of the AI applications attracting the most attention in recent years is 
autonomous vehicles, although there is still some time to go before they can be seen on the road due 
to technological and regulatory challenges. Currently, 25 countries are working on autonomous 
vehicle designs, and estimations say that 8 million autonomous vehicles will be delivered by 2025. 
Autonomous vehicles as a whole use AI for real-time decision making, from sensing the environment 
through sensors (e.g. signs, road, obstacles), to localisation, trajectory calculation and vehicle control. 
The spectrum of automation can vary between vehicles, from assisted driving to full automation. 
Autonomous vehicles have the potential to transform logistics by reducing dependence on human 
driving. Techniques such as platooning that use swarm intelligence to coordinate fleets can improve 
safety, be more efficient by reducing fuel use and emissions, and improve driver's health. Tesla, GM,  
Google (Waymo) or Mercedes-Benz are investing heavily in autonomous vehicles [49]. Eventually, 
autonomous transport trucks will populate the roads. 
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Real Use Cases 
 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 

Ocado Technology is an online food retailer that has opted for automated 
warehouse management. Ocado has no physical shops; it only sells online. To 
digitise its warehouse, Ocado has developed most of its digital solutions in-house. 
Currently, Ocado's technology stack includes cloud computing, robotics, AI and 
IIoT. The company has also implemented its own route optimisation to ensure 
fresh food delivery. Ocado's warehouses look like giant beehives, with a 3D grid 
built inside where products are stored. The central server receives information 
about the required products, then communicates wirelessly with the robots that 
start picking the items from the baskets in the grid. Operating as an air traffic 
control, the AI system prevents the robots from colliding with each other while 
picking up products. Once the robot has collected all the products in the order, it 
takes them to pick up stations, where another robot or a human assembles the 
orders. Ocado has 3500 robots working in its warehouse, serving 220000 orders 
a week. 

 

 
Figure 13 Ocado warehouse automation. Source: [97] 
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3.2 Predictive maintenance 
In manufacturing, traditional production line maintenance strategies typically involve replacing 
equipment after failure or at predetermined time intervals. These maintenance approaches push up 
maintenance costs due to unnecessary, too early replacement of equipment for replacement at 
predetermined periods or in the case of a reactive approach, an early repair could extend the life cycle 
of expensive parts and protect against the costs of failure. Although some firms plan maintenance 
based on the lifetime of individual equipment recommended by the vendors, there is still a high risk 
of late equipment maintenance since this maintenance strategy does not consider the entire 
manufacturing system. 
As opposed to traditional methods, Predictive Maintenance (PdM) is maintenance, which monitors 
the operation and condition of the equipment during normal functioning, to reduce the likelihood of 
failure. Lately, the use of IIoT connected devices in the production shop floor allows the companies 
to collect data from the entire production line so that the maintenance methods can monitor the entire 
system in real-time [50]. This data can be used to feed the machine learning models evaluating 
equipment condition by performing periodic (offline) or continuous (online) machine condition 
monitoring and estimating the best time for maintenance of the device. It aims to predict when 
equipment failure may occur and then prevent failure through regular, scheduled, and corrective 
maintenance. It allows the company to plan maintenance at the most convenient and cost-effective 
time, ensuring the optimization of machine lifespan and preventing many potential unplanned line 
stops, substandard products, or loss of production capacity [51]. 

British-Israeli company Valerann has developed an example of technology that 
integrates AI for logistics optimisation. Its intelligent road system, based on a wireless 
sensor that captures road conditions, makes it possible to predict road conditions and 
optimise routes by taking road factors into account. In this way, it is possible to predict 
road conditions and optimise routes by considering environmental factors such as 
traffic, temperature or other hazards. 

 
Figure 14 Valerann's road sensor. Source: [98] 
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Figure 15 Predictive Maintenance framework. Source: [52] 

 
AI and machine learning in the predictive maintenance space provide the ability to process massive 
amounts of data coming from installed sensors. In a research study, Serkan Ayvaz and Koray Alpay 
present a predictive maintenance system based on using machine learning techniques (Figure 15) to 
address processing the data collected in real-time from many IIoT devices at a factory [52]. The 
machine learning models in the system estimate, to a certain extent, the remaining time before the 
potential failure that the maintenance or other preventive actions can be taken ahead of time. The use 
of various regression techniques were successfully tested. (Random Forest, XGBoost, Gradient 
Boosting, AdaBoost, Multilayer Perceptron Regressor, Support Vector Regression). 
The calculations of the optimum values for predictive maintenance policies often require the analysis 
of strongly interdependent parameters. It makes the optimization process a tough task. For these 
reasons, authors of [53] propose genetic algorithms (GA) as an acceptable optimization method to be 
used. They use GA to search for the optimum maintenance policy considering several relevant 
features such as the probability of needing a repair (corrective maintenance), the cost of such repair, 
typical outage times, preventive maintenance costs, the impact of the maintenance on the systems 
reliability or probability of poor maintenance. 
Another study has considered PdM as a reinforcement learning for system modelling problem [54].  
Unlike traditional, previously mentioned black-box regression models, it contains a proposal to use a 
Deep Reinforcement Learning algorithm that self-learns an optimal maintenance policy and provides 
actionable recommendation for each piece of equipment. Other common approaches are to address 
this problem as a supervised classification [55], anomaly detection [56] or unsupervised learning 
problem [57]. 
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Real Use Cases 

 
 

	

ZF Friedrichshafen AG, also known as ZF Group, a German car parts maker headquartered in 
Friedrichshafen, with 241 production locations in 41 countries and approximately 148,000 (2019) 
employees, developed digital and interconnected solutions for predictive maintenance that 
minimize downtimes and increase the reliability of every type of industrial drives;  Operators of 
ropeways, wind turbines and rail vehicles alike benefit from the company's cost-saving and smart 
predictive maintenance solutions. For doing so, the ZF group established its digital cloud platform 
called ZF's Cloud-based IoT platform, in which all data is fed into and then evaluated using 
machine learning. The intelligent mechanical system is created based on smart sensor systems 
combined with extensive networking know-how and hardware expertise. 
 

 
Figure 16 Source: ZF Group 

One of the examples of the use case of PdM is for gear-part production machines [23]. These 
machines apply honing technique in the final step of the gear’s production process, which 
minimises gear noise, ensures a high wear threshold, and ensures smooth operation. Thus, gear 
honing becomes the primary process in the production of high-quality gear parts. 
 
In the honing machine, the honing ring is replaced just before the end of its service life to prevent 
it from fracturing during the operation. If the honing ring breaks sooner than expected, it will not 
only severely damage gear parts but also cause unplanned production downtime that impacts 
Overall Equipment Effectiveness (OEE) levels. 
 
 To cope with these adverse effects, ZF set itself to predict the failure of the honing ring from 
vibration sensor data. Firstly, the pre-processed time-series data is being transferred by the fast-
Fourier method to analyse measurements across the entire frequency spectrum, with additional 
statistical features examined based on the Fourier-transformed data.  Later, the supervised 
learning algorithm can predict probabilities for ‘fracture’ and ‘no fracture’ cases. The company 
achieved the best predictive performance using a random forest model: experts could detect 99% 
of tool fractures. 
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3.3 Generative design 
Generative design is an exploration process that combines machine learning and human creativity to 
automate and accelerate product delivery. A typical design process often requires specialist 
knowledge and many years of experience to create products that meet end-user needs. It requires 
designers and engineers to thoroughly understand the various principles and processes to generate the 
final design properly. Even then, after hours of studying, analysing, and prototyping, the emphasis on 
shortening the development cycle often results in designs that are far from optimal. Generative design 
addresses this problem by engaging computer-aided procedures that help to almost automatically 
create a large number of initial designs via an iterative algorithmic framework while respecting user-
defined criteria and limitations. The process starts with designers or engineers setting design goals 
into the generative design software and features such as performance or shape/spatial requirements, 
materials to be used, manufacturing methods, and cost constraints. The AI-empowered software 
explores the solution permutation space, generating design alternatives. In each iteration, the system 
tests what works and what does not and learns for the next iteration. 
 

	

Wanting to take a proactive rather than reactive approach to maintenance issues, the industrial 
robot provider FANUC America developed a program called ZDT, which stands for Zero 
Down Time. Their robots send data about machine and controller performance to the cloud, 
where analytics developed by FANUC identify potential equipment problems before 
unexpected downtime occurs. The ZDT platform sends information about the potential failure 
to the service department, which sends the parts to the customer for installation during a 
planned outage.  ZDT also collects vision images from the cameras performing error checking 
or part location, as well as some metadata from the process on the robot that was used to 
capture the vision image [99]. 
General Motors deployed ZDT's cloud-based image classification tool on nearly 7,000 robots. 
This pilot experiment was intended to detect component failures before they happened. It was 
able to detect 72 instances of component failure that could have led to unplanned downtime 
and developed into costly incidents - it can be estimated that this saved tens of thousands of 
dollars per minute of potential downtime [31]. 
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Figure 17 GAN-based approach for manufacturable design generation. Source [58] 

 
Generative design approaches aim not to find the optimal solution but to generate many different 
designs that satisfy the design goals within the parameters specified in the test setup. Some artificial 
intelligence techniques are suitable for this goal. The task of the generative model is to construct a 
generator that learns the probability distribution of training data and generates new data based on 
learned probability distribution. The generative adversarial networks (GAN) [59], [60] and the 
variational auto-encoders (VAE) [61] are popular generative techniques used for design optimization, 
where high-dimensional design variables are encoded in low-dimensional design space. The authors 
of [58] propose a GAN-based approach of topology optimization integrating mechanical conditions 
in addition to one typical manufacturing condition (the complexity of a design). The approach is a 
dual-discriminator GAN: a generator that takes as an input the mechanical and geometrical conditions 
and outputs a 2D structure and two discriminators: one to ensure that the generated structure follows 
the mechanical constraints and the other to assess the geometrical constraint. This process is shown 
in Figure 17. 
Another Deep Learning architecture that aims to enhance mechanical designs called DzAIℕ is 
proposed in [62]. This system can produce a population of prototype designs, with the only necessary 
input being the domain dimensions, the support and loading conditions and the desired final volume. 
It is based on an algorithmic architecture that combines topology optimization and deep learning 
methods. Topology optimization focuses on discovering the best distribution of a particular amount 
of material inside a specific domain according to structural performance under certain loading and 
support conditions. Deep learning and, specifically Deep Belief Networks (DBN) are used for 
diversifying through stochasticity, designs generated by topology optimization methods. 
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Real Use Cases 
 
 
 
 
  
 
 
 
 
 
 
 
 
 
 
 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 

 US car manufacturer General Motors is one of the first automotive companies to leverage 
generative design to reduce the weight of its vehicles. In 2018, the company worked with 
Autodesk engineers to create 150 new design ideas for a seat bracket and chose a final design 
that proved 40 percent lighter and 20 percent stronger than the original part. It also consolidates 
eight different components into one 3D-printed part [94]. 

 

  

Airbus used generative design 
techniques to re-imagine the interior of a 
section of its A320 aircraft, resulting in 
designs that were 45% lighter (30kg). 
This weight reduction is a dramatic 
improvement in design, massively 
reducing fuel consumption, cutting costs 
and reducing the emission of thousands 
of tonnes of carbon dioxide into the 
atmosphere when the changes are 
applied to the fleet of vehicles. The new 
design is based on a single-celled 
organism: the slime mold [94].  
  
  

 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 18 A rendering of the original bionic 
partition (left) next to the updated design. Courtesy 

of Airbus. Source: [94] 
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The brand new example of the product fully designed by algorithms is the "A.I. Chair", the result 
of a collaboration between French industrial designer Philippe Starck, the Italian furniture 
company Kartell and an American software corporation specialised in designing and making 
technology, with expertise across engineering and manufacturing, Autodesk. The A.I. Chair,  the 
first commercial chair designed using generative design technology, demonstrates how generative 
design empowers today's designers to reach new heights in form and function. 
 

 
Figure 19 Autogenerated chair designs. Source:  [94] 

 
Autodesk develops generative design software that allows designers to quickly see countless 
ways to create a single product, such as a chair. It just requires entering the parameters e.g. 
number of legs, height of the seat, weight requirements, minimum materials , etc. and the AI 
algorithms can generate thousands of options. The software supports human creativity and 
accelerates the process, expanding the limits of design and inventiveness. 
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3.4 Quality assurance 
Quality Assurance is defined as the procedure to ensure the desired level of quality of manufactured 
products or services provided to the customers [63]. It focuses on improving the production process 
and making it efficient and effective as per the quality standards defined for the products. Defect 
prevention in quality assurance is based on monitoring different aspects of a service or facility at an 
early stage [64]. Many leading manufacturers use AI, and more specifically machine learning, to help 
ensure that products are defect-free before leaving the assembly line. 
 
Assembly lines, composed of different machines and sensors, can be understood as data-driven, 
interconnected and autonomous networks optimising a set of parameters and algorithms to produce 
the best possible end-products. Quality assurance systems can monitor the variables and data to know 
with a high degree of probability which products can be of lower quality than expected. Such an in-
line inspection can capture anomalies that could not be detected otherwise. Moreover, by analysing 
process parameters, companies can predict the potential quality issues and take proactive actions to 
avoid potential problems before they happen.  

 
Figure 20 Quality inspection example. Source: Capgemini Research Institute analysis [31] 

 
This AI application can free up the manufacturing staff from spending their time focusing on quality 
checking to spend more time on other strategic tasks. Historically speaking, quality assurance used 
to be a manual job, requiring a highly skilled engineer or expert to examine each produced unit to 
ensure that products were properly manufactured. Today, using high-resolution cameras, coupled 
with powerful visual inspection technology, allows automatic validation of whether an item has been 
perfectly produced.  
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In classical computer vision models, the expert had to decide which features (e.g. curves, corners, 
colour areas) in the images captured by the camera were essential for the inspection. The expert then 
created a rule-based system that detailed, for example, how "red" or how much "curvature" defined 
an object as a ripe apple. This system required a great deal of supervision by the expert and was in 
many cases ineffective depending on lighting conditions or if the variation between a good or bad 
product was very subtle or qualitative. 
Today, ML algorithms are fed with model examples of what the final product should look like, both 
in appearance and other parameters that need to be observed (e.g. in the dairy industry, ph, acidity, 
amount of fat). The data engineer can select which areas are most relevant to observe, and the 
algorithm learns as more examples are fed to it which features are most relevant to identify products 
anomalies that fall outside the baseline. Its effectiveness and accuracy improve as it is trained with 
more data. With the advent of deep neural networks [65] (DNNs) it is no longer necessary to design 
each vision system by hand for different scenarios. It is sufficient to feed the system with images or 
sets of parameters that define a quality product. With sufficient training data, DNNs can train accurate 
models with small error. Several approaches of DNNs and other machine learning techniques have 
been proven to be effective in this problem setting like Deep Convolutional Neural Networks [66] 
[67] [68], Recurrent Neural Networks [69] [70] or Support Vector Machines [71] [72].  
 
 
Real Use Cases 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

	

In Germany, the leading car manufacturer Audi uses an image recognition system based on 
deep learning at its Ingolstadt press shop. Their quality assurance system was trained using 
historical data in the form of several million test images drawn from presses in Audi's 
Ingolstadt plant and many other Volkswagen plants. Several cameras installed in the press 
capture images of pressed sheet metal, and the system analyses them in real-time to identify 
discrepancies, variances and the slightest weakness that could cause a metal sheet to crack. 
Imperfections of a material's surface can be an aesthetic issue on the one hand but, on the other 
hand, prohibit its usage in specific scenarios. To guarantee the right level of quality of a 
manufactured item, they detect any visible irregularities – before it leaves the shop floor – 
which would be almost physically impossible using manual methods. 
 

 
 

Figure 21 Source:  Audi Media Center “Audi optimizes quality inspections in the press shop with 
artificial intelligence” October 2018 
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Food tech company OAL launched an AI-based vision system, APRIL Eye, for date code 
verification that is being used by many food manufacturers. The system removes the human 
operator from the date code verification process boasting more than 1000 packages per minute, 
reducing the risk of product recalls and emergency product withdrawals (EPWs) caused by 
human error on packaging lines. 
Traditional computer vision systems relied on optical character recognition (OCR) to perform 
this task. However, due to the variability in prints produced by inkjet printers used in the food 
industry, the automation struggled with font distortions, lighting variations, misplacement of 
text or variations in font types or sizes.  
 

 
 
APRIL Eye uses basic cameras backed up with machine learning models to deliver a vision 
system that can deal with variations such as lighting, positioning, print quality and placement 
inherent in a food or beverage plant and read anything that is also legible to the bare eye. By 
taking photos of each date code, the system can read them back using scanners to ensure they 
match the programmed date code for that product run, fully automating the verification 
process. In this way, the system eliminates errors and provides full traceability while protecting 
consumers and the brand and reducing labour costs and waste. 
 

 
 

Figure 22 Label reading with AI. Source:  OALgroup 
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3.5 Demand Planning 
Demand planning is defined as the process of forecasting demand for a product or a service and 
executing an operational strategy across the supply chain in order to meet it. It is considered a critical 
business planning function. It shows where the company is headed and when, and how to adjust 
automated operations and finances accordingly. In the context of supply chain management, it refers 
to the process of predicting demand or predicting sales. Using sales data, inventory information and 
anomaly accounting, one can plan the amount of product to manufacture, stock in the warehouse and 
ship to the different distributors. Effective demand planning requires highly accurate demand 
forecasts that should deliver on agreed strategies. 
Demand planning helps to identify potential expansions to product lines as well as threats to sales. It 
can help cut costs by avoiding overstocks, facilitate warehouse logistics and reduce distribution costs. 
Demand planning integrates demand forecasting, which predicts sales, with supply planning, 
determining how much product should be produced and stored. 

 
Figure 23 Using machine learning-based demand planning and forecasting. Source: Capgemini Research Institute 

analysis [31] 

 
 

McKinsey claims that machine-learning-based methods can significantly increase forecasting 
accuracy and optimize replenishment [73]. AI-powered supply chain optimization not only focuses 
on performance in a given setting but can also flexibly adapt to changes in the product mix or the 
distribution network due to unforeseen events. In addition, future systems address the entire value 
chain from the supplier of raw materials to the end customer. It enables achieving a fully automated, 
self-adjusting decision-making system for the supply chain management. Demand spikes are 
predicted accurately, and the routes and volumes of material flows are adjusted automatically. 
Machine learning forecasting can reduce errors by 30 to 50% in supply chain networks, improve 
accuracy up to a 65% reduction in lost sales due to inventory breakage situations, and warehousing 
costs decrease around 10 to 40%. Due to AI, overall inventory reductions of 20 to 50% are feasible 
[73] [74]. Machine learning is not only influencing how products are being produced, but also what is 
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being produced. With the potential to identify market fluctuations, modelling demand data and 
identifying trends, companies can react more quickly to market changes. 
 
Real Use Cases 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

3.6 Inventory management 
 
 

 
 

 
 

 
 

 

	

One success story applying machine learning techniques to demand forecasting is L’Oréal, 
one of the world’s largest beauty products manufacturers. This company has developed the 
‘Demand Sensing’ program, which is a key enabler of the digital transformation of L’Oréal’s 
Supply Chain. Accessing multiple high-frequency sources of data through connected data 
platforms optimizes the sales comprehension and anticipation, allowing machine-driven 
planning across the entire distribution network and ensuring the right stock is in the right place 
at the right time, automatically. All data inputs, such as data coming from social media, 
gathered at point-of-sales, weather and financial markets indicators, are integrated in real-time, 
enabling algorithms to propose the best decisions to demand planners at business pace. [95] 

	

Today's heating, ventilation and air-conditioning (HVAC) business is centred on fixing 
customers' problems immediately as customers depend highly on these devices during 
cold/heat seasons. Lennox, one of the biggest players in the US HVAC sector, configures its 
logistic network so that large numbers of parts and devices are available for immediate pick-
up or same-day delivery at locations around the country, even for parts no stored locally. 
Lennox deployed machine learning to sift through hundreds of thousands of SKU-Locations 
to identify "clusters" of those with similar seasonality profiles that were not visible through 
standard statistical approaches. Defining seasonality groups for forecasting was challenging 
due to many slow-moving parts, diverse demand behaviours, and an extremely seasonal 
business. Artificial Intelligence has allowed Lennox to automate the process and create an 
improved inventory mix over its extensive distribution network. Setting apart classic 
forecasting methods, which rely heavily on probabilistic historical demand, Lennox adopted 
demand modelling drawing on unique daily demands patterns. 
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3.7 Inventory Management 
Inventory management is the part of the business responsible for understanding the mix of stocks a 
company has in its warehouses and the different demands on that stock. Demand is influenced by 
external and internal factors and is balanced with the creation of purchase orders to maintain the level 
of supply at a reasonable or prescribed level. Stock management is a complex and challenging task, 
especially for companies operating more than one warehouse and stores selling thousands of products 
per month. As a result, companies often struggle with mixed stocks, stock-outs, insufficient stock 
levels and clutter in warehouses. Efficient inventory management provides the right stock, at the 
proper levels, in the right place, at the right time and at the correct cost and price. 
Overstocking or understocking can be a major problem. If a company have too many products, they 
take up space in the warehouse and, in some cases, can spoil. On the other hand, if there is insufficient 
stock, customers are dissatisfied, cash flow is at risk, and the company's image is at risk. Machine 
learning can help predict the level of stock demand that matches the number of purchase orders. 
Predictive analytics can even anticipate seasonal fluctuations in demand that may require preparing 
stock in advance, for example, corresponding with busy trading periods such as Christmas. Machine 
learning can also help avoid dead stock: when a company has too many products that cannot sell and 
having a short expiration period, they become unsaleable. They become dead stock. Predictive 
inventory management can help to avoid this problem. Inventory management is also related to 
concepts portrayed in the section on logistics optimisation concerning the physical management of 
products. Machine learning solutions can be used to better plan activities because they are good at 
forecasting demand and scheduling deliveries.  
The standard machine learning approach is to build a time series prediction model to estimate the 
demand for all the goods in a warehouse in the coming days [75]. Many of the highest performing 
time series methods use LSTM/RNN models with sliding windows, logistic regression techniques 
and certain probability models. Other works describe inventory dynamics as the difference between 
inbound and outbound flows, which is a subject of various factors, such as seasonality, degree of 
competition, technological failures, labour-related issues, supply-chain-related factors, inflation, and 
change in government laws and so on [76]. 
Another artificial intelligence approach for inventory management is more advanced and involves 
reinforcement learning agents. Such a model does not simply make predictions or classifications but 
acts on these predictions. Moreover, it gives the AI system the option to control the inventory 
operations with human supervision and balances. The system works rewarding and punishing the 
model for acting incorrectly. Usually, the system penalises itself for running out of stocks of a product 
or having too much in stock for too long. 
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Real Use Cases 
 

 
 

 
 

 
 

 
 

 
 

 

	

The German online retailer Otto uses an AI application that is 90 per cent accurate in 
forecasting what the company will sell over the next 30 days. The forecasts are so reliable that 
Otto now builds inventory in anticipation of the orders. In a dynamic pricing pilot, Otto 
optimised sales by 9%, turnover by more than 6%, profit by 5% and reduced leftover stock by 
12%.  AI has forecast, enabling the retailer to speed deliveries to customers and reduce returns. 
Otto is confident enough in the technology to let it order 200,000 items a month from vendors 
with no human intervention [96]. 

	

Shell is one of the world's leading oil and gas exploration and production giants and a 
petrochemicals manufacturer. To maintain production, Shell stocks around 3000 different 
components across its global facilities. The right parts must be in the right place at the right 
time to avoid outages, but just as important is not to overstock as it can be cost-prohibitive. 
Shell's traditional inventory management system had serious flexibility issues until they 
incorporated machine learning using their historical data. Since they started using scalable 
predictive models to distribute 3000 types of materials across more than 50 locations, 
inventory analysis and forecasting went from 48 hours to 45 minutes, an increase in 
performance x32 with corresponding savings. 
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4 AI in manufacturing sector: trends in academy 
After analysing the industry's vision of AI, we present a static picture of academic research in 2019-
2021. We have searched academic repositories using artificial intelligence and manufacturing 
keywords to identify the latest applied science trends. We have limited the search to the years 2019-
2021 to identify the latest trends in the sector. 
 

 
 

 
 
The arxiv results for the period return 94 articles, of which 85 have been examined and the rest 
discarded for being out of context. This is the analysis of identified keywords: 

 

Planning 7   visual inspection  5 

Robotics/Cobots 12 process mining 3 production planning 2 

Behaviour Trees 1 federated learning 2 multi-agent systems 2 

Optimization 12 visual inspection 1 RNN 4 

Data summarization 1 active learning 3 autoencoders 1 

Cloud computing 3 weakly supervised learnig 1 anomaly detection 3 

I4.0 12 Dempster-Shafer 1 DQN 6 

DL 14 deep reinforced learning 7 Reinforced Learning 8 

multistage learning 1 cognitive digital twin 1 augmented reality 1 

quality prediction 3 production planning 1 scheduling 11 

supply chain forecasting 5 autonomous vehicles 3 Triplet Networks 1 

IIoT 7 HCI/HRI 3 adversarial networks 1 

complex event processing 2 neuromorphic computing 1 predictive maintenance 2 

tiny machine learning 1 mixed integer linear programming 3 simulated annealing 1 

neural networks 2 constrain satisfaction(SAT/CP) 4 component pricing 1 

edge computing 5 knowledge representation/ontologies 5 DSS 5 

explainable AI 7 fault inspection 3 paralel processing 1 

demand forecasting 4 CNN 4 hao-mendel approach 1 

smart manufacturing 6 factory automation 2 6G 2 

knowledge graph 3 safety assurance in ML 2 edge intelligence 1 

product design 2 Transfer Learning 3 learning classifier systems 1 

quantum computing 1 AnswerSetProgramming 1 LSTM 3 

arXiv is a free distribution service and an open-access archive for 1,890,696 scholarly articles in 
the fields of physics, mathematics, computer science, quantitative biology, quantitative finance, 
statistics, electrical engineering and systems science, and economics hosted by Cornell 
University. 
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Figure 24 arxiv keyword cloud 

 
 
It can be observed that Deep Learning (14), robotics/Cobots (collaborative robots) (12) and 
Reinforced learning (8) are the technical areas with the most traction. Followed by Explainable AI 
(7), Deep Reinforced Learning (7), Deep Q-Networks (a subtype of DRL) (6), decision support 
systems (5) and knowledge representation/ontologies (5). The areas of application with more focus 
are optimization (12), scheduling (11) and planning (7) followed by supply chain forecasting (5), 
visual inspection (5) and demand forecasting (4). Other relevant keywords like I4.0 (12), IIoT(7) or 
smart manufacturing(6) identify related terminology. 
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5 Adoption Barriers 
All experts claim that artificial intelligence is an inseparable part of the future of business, as it has 
shown significant potential in different areas to improve the competitiveness of companies. However, 
this fact does not imply that AI should, or can, be implemented quickly and successfully. There are 
different challenges or barriers that are hindering the penetration of this technology in many 
industries, due to the difficulties they pose to organisations interested in making this digital leap. 
There is a worrying lack of preparedness for adopters on the broad spectrum of operational, strategic 
or ethical risks. More than half of the adopters of AI techniques report "major" or "extreme" concerns 
about these potential risks, according to Deloitte (see Figure 25). 
 

 
Figure 25 Deloitte, State of AI in the Enterprise, 3rd edition, 2020. [77] 

 

5.1 Shortage of AI experts 
Companies in all industry sectors find that data science experts and AI professionals are scarce and 
difficult to recruit. AI projects require a multidisciplinary team consisting of data scientists, ML 
engineers, software engineers, business experts and application domain experts [23] [18] [78]. Many 
companies do not have the resources to start an AI project with a team of this size, or if they have 
several AI projects underway, it is not easy to scale them and deliver on time. This problem is 
particularly noticeable in the manufacturing sector, which many ML experts find dull, uninspiring 
and repetitive. A study commissioned to Deloitte by the Manufacturing Institute unveils startling 
insights about the growing skills gap in the manufacturing sector [79]. In the US market alone over 
the next decade, 3.4M manufacturing jobs will be needed (2.7 million to replace baby boomers and 
700,000 due to economic expansion). However, 2M of these jobs are likely to go unfilled due to skills 
shortages in the new smart manufacturing positions generated by automation. At present, 60% of 
vacancies are unfilled due to lack of talent. Therefore, there is a need for both industry and 
governments to adopt training policies to prepare skilled personnel to fill the growing demand. 
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5.2 Robust integration with legacy IT systems 
Manufacturing companies often have a wide range of tools, machinery, production lines and systems 
using very diverse technologies, often with outdated software that is not compatible with other 
systems. In the absence of common standards and frameworks, plant engineers often have to figure 
out the best way to connect all the machines and systems while integrating the most appropriate 
sensors and converters. Engaging a heavily data-driven technology as AI, integration with existing 
systems is vital to implement services that effectively exploit the information generated on the shop 
floor and is one of the most significant technological challenges to adopting AI technologies.  
An ecosystem containing compatible components that use standard rules and connections to ERP, 
MES and PLC/SCADA systems can offer solutions to interoperability issues while providing stable 
data sources. OPC UA is becoming an essential protocol for communication and modelling in 
Industry 4.0 [80]. 
In addition to these data sources, AI systems will sometimes need more granular data coming directly 
from machinery and equipment, such as IIoT systems, which are emerging as key data sources for AI 
applications with two different approaches [31]: 
1. running the computations at the edge to make immediate tactical decisions.   (e.g. on production 
line machines). 
2. Running the computations in the cloud where the data is stored (e.g., making strategic decisions 
based on learning or supporting human decision support). 

 

5.3 Data quality 
Access to clear, meaningful and quality data is crucial to the success of AI applications but can be a 
challenge in the manufacturing sector [23]. Data in manufacturing is often biased, outdated or full of 
errors caused by multiple factors. One example is data collected by sensors on the shop floor in 
extremely harsh conditions (e.g., foundries) where extreme temperatures, noise or vibration can 
produce inaccurate data [78]. Historically, production plants have been designed using different 
systems that do not talk to each other, where operational data may be scattered in different databases 
with different formats unsuitable for analysis requiring extensive pre-processing. 

 

5.4 Lack of a data governance framework 
Investing in foundational technologies is key to long-term success. A data governance infrastructure 
defines critical processes related to the generation, management, storage, distribution and analysis of 
data that are crucial for AI applications: 
  

1. Who or what function generates the data? Who owns it, and who manages its access? 
2. What data is useful for AI applications? How is it captured and how is it stored? 

3. What data formats and standards should be followed to facilitate integration? 
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In the absence of a data governance policy, AI initiatives encounter multiple barriers - no single view 
of the data, no data quality or insufficient data for training. Data governance is essential to have a 
clear, structured and quality dataset. To make the best use of the data collected, leading companies 
implement robust data and AI platforms to store it, govern its access and make it available to different 
AI applications. A data governance platform allows AI solutions to be developed and scaled 
repeatedly and securely, from data acquisition to the development and deployment of use cases. 

5.5 Real-time data processing and decision making 
Real-time data consumption and decision-making are becoming necessary in manufacturing 
applications, such as quality monitoring or predictive maintenance. Often, decisions must be made 
on the spot - in seconds or milliseconds - to identify a problem before it results in unplanned 
production downtime, production defects or safety issues. This real-time decision making requires a 
streaming data analysis capability that is supported by adequate infrastructure. Often models trained 
in a sandbox that work correctly can provide false alarms in a production environment. As their 
training adjusts to the actual data stream, the production environment must be properly prepared to 
integrate this degree of temporal uncertainty. 

5.6 Scaling AI 
The adoption of AI shows the same patterns as other revolutionary technologies of the past. 
According to Amara's law [81], the impact of a new technology is typically overestimated in the short 
term and underestimated in the long term because the application context of that innovation needs to 
change in order for that potential to emerge. It is not the same to develop a successful proof of concept 
with high efficiency and effectiveness ratio compared to implementing this tool at an operational 
level in all the company's factories. A company's plants spread across the globe may have different 
machinery, different data patterns and different processes. The use of AI can also scale vertically in 
the organisation, with different departments making different use of the outcomes of the AI 
developments. Another dimension of scalability is time. Training an artificial neural network can take 
considerable amount of time and computing power, whereas applying the trained model for inference 
requires few resources and has low latency. It is necessary to consider the multidimensionality of 
scale to deploy AI solutions across the entire enterprise. 

 

5.7 Regulatory changes 
From the General Data Protection Regulation (GDPR) release to the new regulations that plan to 
regulate AI [18], there are many disciplines and sectors that have been affected. As business leaders 
adapt to regulations, there is a growing concern about the impact of upcoming regulations that could 
directly affect their operations. There is particular concern about over-regulation (50%) and industry-
specific regulations (54%) [82] [83]. The emergence of AI and massive data processing also 
collaterally affect other aspects such as labour, work safety and environmental issues that may be 
affected by new standards. 
Data protection and privacy issues are a source of great concern for industry leaders, with 78% 
showing increasing concern in a recent EY survey [83]. 
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5.8 Explainability 
The lack of explainability of AI models poses a risk in almost all industries, and manufacturing is no 
exception. In some sectors, such as healthcare, the stakes are particularly critical when it comes to a 
recommendation for a patient's treatment. Moreover, the lack of explainability may bring another 
risk: the lack of adoption of AI and the risk of falling behind the competition. Without an explainable 
model, adoption by frontline workers is almost impossible [84]. Workers need to trust AI decisions 
not only for better efficiency but for their own safety. When heavy robots move in an environment 
shared with humans or a tool that recommends handling hazardous material in a certain way, workers 
need to feel confident that that decision is safe and sound. Consequently, explainability is an area of 
great interest in the industry, given its high intrinsic value. 
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6 Ethical Dimension: Trustworthy AI 
 
In this accelerated Digital Transformation process for Industry 4.0, we find that many decision-
makers, feel lost on how to properly apply AI, how to benefit their company and customers from data 
analytics and how to transform to improve not only the existing services but the internal processes 
too. In this Digital Transformation process is crucial that companies take into consideration the ethical 
dimension of the use of AI in data analytics. The industry needs a vision of how to integrate AI 
ethically to guarantee fair and unbiased services for the citizens and their workers. The explosion of 
AI technologies with connected benefits and risks puts AI at the centre of a global discussion that is 
having profound implications in our societies, in the way we live and communicate with the others. 

 
Ethics is a broad concept of philosophy that seek to answer questions regarding human morality that 
aims to determine what are considered good and bad actions. One of the main challenges of today's 
globalised world is to define sets of ethical values or norms that reach a general acceptance, due to 
social, economic and cultural differences among different regions. Nowadays our society is ruled by 
a set of laws defined either at primary level, such as the Universal Declaration of Human Rights, and 
secondary level with national or international laws (e.g. General Data Protection Regulation of the 
European Union). However, regulations are in general a slow process that cannot follow the pace of 
technology progress. The EU Commission is doing significant efforts coping with technology 
progress releasing a draft regulation on the uses on AI [85]. The main question remains, how can AI 
systems be designed to align with ethical, legal, socioeconomic and cultural (ELSEC) principles? AI-
based systems are only as good as the data and rules designers feed into them. If the data is biased or 
incomplete, then the decisions made by the AI programs are also biased or are least inaccurate. Bad 
data can result in codifying implicit racial or gender biases into AI-based systems programs, for 
instance [86]. 
 
The manufacturing sector, more focused on producing goods than services, is not exempt from 
presenting potential ethical and legal risks in the different AI applications that we review in section 
3. To name a few examples, industrial robots can cause accidents that involve human beings working 
with them. Products designed with the help of AI could contain design errors that later cause 
unintentional harm to customers or other citizens (e.g. autonomous vehicles) while failures in 
predictive maintenance systems could lead to fatal work accidents. 

 
In 2018, the European Commission created the High-Level Expert Group on AI (AI HLEG), 
composed of 52 representatives of academia, civil society and industry. The aim of this group is to 
shape the European Strategy on AI by proposing guidelines and actionable questions related to 
ethical, legal and societal aspects of AI. The aim of the guidelines is to establish the main principles 
and requirements that any AI system should fulfil in order to build trust to the society [87]. The EU 
approach of Trustworthy AI is based on three main concepts, which should be met throughout the 
system’s entire life cycle: 

 
1. it should be lawful, complying with all applicable laws and regulations; 

2. it should be ethical, ensuring adherence to ethical principles and values; and 
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3. it should be robust, both from a technical and social perspective since, even with good intentions, 
AI systems can cause unintentional harm. 

 
Each component in itself is necessary but not sufficient for the achievement of Trustworthy AI. 
According to the AI HLEG, all three components work in harmony and overlap in their operation. 
In order to implement these ethical principles, the AI HLEG defines seven concrete requirements 
that should be covered to build Trustworthy AI systems:  
 

(i) Human Agency and Oversight:  
AI systems should empower human beings, allowing them to make informed decisions 
and fostering their fundamental rights. 

(ii) Technical Robustness and Safety: 
 AI systems should be designed to be safe, reliable and secure, preventing risks and 
unintentional and unexpected harms. 

(iii) Privacy and Data Governance: 
 AI systems should be designed to be safe, reliable and secure, preventing risks and 
unintentional and unexpected harms. 

(iv) Transparency;  
AI systems should be transparent: humans should always be aware that they interact 
with a product/service empowered with AI, its purpose, limitations and data usages. It 
should be possible to demand an explanation of the AI system’s outcomes adapted to the 
user expertise. 

(v) Diversity, Non-discrimination and Fairness;  
AI systems should facilitate inclusion and foster diversity. It should also be ensured that 
all society members have equal access and equal treatment in using or interacting with 
an AI system. 

(vi) Societal and Environmental Well-being;  
AI systems should be sustainable and its design should take into account the impact on 
society and the environment. Ideally, AI systems should be used to benefit all human 
beings, including future generations. 

(vii) Accountability. 
AI systems should ensure the identification of responsibility and, if required, be open to 
the public scrutiny. If something goes wrong, adequate redress should be ensured. 

 

 
These requirements are applicable and should be reviewed during the life-cycle of   the system (i.e. 
development, deployment and use) and can involve different stakeholders at each phase. Different 
methodologies and toolkits have been created since the release of the trustworthy guidelines to help 
designers and developers to cope with the ELSEC requirements to try to achieve compliance with 
trustworthy AI. The HLEG proposed in 2019 a first version of Assessment List for Trustworthy AI 
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(ALTAI), a practical tool that tried to operationalize the requirements into a self-assessment 
checklist. The tool was piloted with 350 stakeholders to revise and improve it, until they presented 
the final version in July 2020 [88].   
 

6.1 Other Frameworks 
In recent years, the field of ethics related to artificial intelligence has received much attention. Apart 
from the trustworthy guidelines proposed by the European Commission, many other institutions have 
proposed ethical frameworks and guidelines. Algorithm Watch launched a project to map ethical 
frameworks and guidelines to lay down ethical principles for artificial intelligence systems [89]. They 
have listed more than 160 contributions, some as prominent as the IEEE [90] or the OECD [91] 
proposals. The study reveals that very few have a control mechanism (10), and most have been created 
in Europe or the United States. In these 160 contributions, the private sector, governments and civil 
society are more or less equally represented. These proposals are very heterogeneous in content, some 
limited to a simple page with vaguely defined principles to detailed guidelines such as the IEEE one. 
Most of the guidelines are limited to vague formulations and do not present control or enforcement 
mechanisms, making it challenging to implement them in a real business environment. Nevertheless, 
ethics in AI systems is a concerning issue that is being tackled from the regulatory perspective, for 
instance, with the European Commission AI Act [85]. 
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7 AI4EU Integration 
One of the purposes of this document is to report the synergies created with the AI-On-Demand 
Platform AI4EU [92]. These synergies can be two-fold: a) interacting with the AI4EU asset 
repository, using their assets for the KnowlEdge purposes and also  contributing to the AI4EU 
repository with assets developed in the  project following their established publication procedures 
and quality standards and b) document here existing resources existing in the AI4EU community 
related with industry and manufacturing sectors, specially the AI4EU  industry pilot and sharing the 
outcomes of KnowlEdge with the AI4EU community to escalate the impact and collect feedback. 
These dissemination and networking actions will also be reported in T9.1 and T9.5 actions.   
 

7.1 AI4EU 
As part of the European AI strategy, the European Commission included within its Horizon2020 
(H2020) funding program an ambitious call to develop the European artificial intelligence platform 
with the challenge to foster the potential of AI technologies at the service of the economy and society. 
Intended to build on top of Europe's scientific and technological strengths in the field, the platform 
should strengthen industrial competitiveness in all sectors, including SMEs and non-tech industries, 
and help address societal challenges (e.g. healthcare, energy). Therefore, the ambition was to enable 
the European AI community to deliver the knowledge, resources and expertise to society and business 
fabric. In doing so it generates impact in the market and in society by creating an AI ecosystem for 
all spheres, including non-technological ones. 
 
In January 2019, the AI4EU consortium was established to build the first European Artificial 
Intelligence On-Demand Platform and Ecosystem with the support of the European Commission 
under the H2020 programme [93]. Among the activities of the AI4EU project we highlight: 
 

• The creation and support of a large European ecosystem spanning the 27 countries to 
facilitate collaboration between all Europeans actors in AI (scientists, entrepreneurs, SMEs, 
Industries, funding organizations, citizens, etc.); 

 

• The design of a European AI on-Demand Platform to support this ecosystem and share AI 
resources produced in European projects, including high-level services, expertise in AI 
research and innovation, AI components and datasets, high-powered computing resources 
and access to seed funding for innovative projects using the platform;  

 

• The implementation of industry-led pilots through the AI4EU platform, which demonstrates 
the capabilities of the platform to enable real applications and foster innovation; 

7.2 AI4Industry 
One of the main goals of the AI4EU initiative is to demonstrate the value of the platform as an 
innovation tool solving specific industry AI-related technical challenges. The AI scenario for 
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manufacturing sector was realized in an experimental production setting to show how promising AI 
functionalities can facilitate improvements in production performance. 
 
The AI4Industry pilot, involving Siemens AG, Technical University Wien and Fraunhofer IAIS, 
focused on flexible manufacturing as a critical element in Industry 4.0 challenges. Complete 
automation and the possibility to quickly adapt production to various customer requirements will 
cause considerable advances in large-scale manufacturing. Symbolic and Machine Learning 
techniques are constantly being developed, tested, and implemented to construct 'smart' factories. 
However, these techniques cannot simply be integrated into the industrial setting and completely 
automate the systems. Human operators need to have transparency and understanding of AI's 
decision-making processes in manufacturing to build trust in such technologies. The AI4Industry 
pilot focuses on developing methods for aiding flexible manufacturing in smart factories and 
advancing the area of Explainable AI (XAI) to put humans in the loop and foster flexible 
manufacturing1. The idea of the pilot is to showcase methods for aiding flexible manufacturing in an 
experimental facility, present the usefulness of these methods and the possibility to implement them 
in a large-scale industrial environment later. 
 
The experimental facility represents a small-scale factory for producing plastic cans closed with 
plastic lids as a sort of a toy product. The setup is equipped with: 

• 2 assembly modules (modules that perform cap on can assembly – module 1 puts red or blue 
caps, module 2 puts red or white caps on cans),  

• 1 feeding station (that puts cans into production and can optionally insert a metal inlay in the 
product),  

• 1 sorting station (which sorts the final products into a customer or user preference), and, 
finally,  

• 1 disassembly station (which consists of 2 parts – a robotic manipulator that takes products 
and moves them to a holding place where it disassembles them afterwards).  

This setup was designed to demonstrate how the proposed AI methods perform, what it means to add 
flexibility and transparency to the system, and how we can scale these methods to large facilities. 
The problem to solve is divided into two parts: adding flexibility and adding transparency to 
manufacturing. The AI4Industry pilot tackles three main research areas correlated to 3 approaches to 
solve the problem: Skill Matching and Explanations, Planning, and Time Prediction. 
 
Modelling skills of the different machinery through semantic technologies like ontologies can allow 
reasoning over the domain, for instance to reconfigure machines to work with different elements or 
reconfigure production plans. The AI4Industry pilot is finalizing the execution phase and entering the 
assessment phase, its outcomes can be found in the AI4EU platform1. 
 
 

 
 

 
1 https://www.ai4eu.eu/ai4industry-0 
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7.3 AI4EU Repository 
The AI4EU platform offers an AI Asset repository, where the registered user can find many different 
AI resources in the form of libraries, datasets, models, software packages, etc. These resources are 
offered in a diverse licensing format (from open source to commercial) and cover a wide array of 
business sectors, including manufacturing.  Part of the KnowlEdge initiatives is to create a synergy 
with the AI4EU asset repository, integrating those with potential in our platform or contributing with 
more assets to the global AI4EU portfolio. Figure 26 shows how the different assets are characterized 
in the platform and what information needs to be provided. 
 

AI Resource Description 

Usual name of the resource Version License 

Summary description (max 100 chars) 

List of keywords 

General Description 

Technical Category 

Algorithm Selection 
Collaborative AI 

Computational Logic 
Computer Vision 

Constraints and SAT 
Decision Support Systems 

Deep Learning 
Dialogue Processing 

Explainable AI 
Heuristic Search 

Integrative AI 
Knowledge Representation 

Machine Learning 
Multi-Agent Systems 

Natural Language Processing 
Physical AI 

Planning 
Probabilistic Models 

Reasoning 
Robotics 

Business Category 

AI for Agriculture 
AI for Air Traffic Management 

AI for Fashion 
AI for Space 

AI in Autonomous Driving and Mobility 
AI for Law 

AI in Retail and Ecommerce 
AI in Human Resources 

AI in Health 
AI for Telecommunications 

AI for Robotics 
AI for Media 

AI for IOT 
AI for Ambient Intelligence 

AI for Industry and Manufacturing 
AI for Finance and Insurance 

AI for Environment and Sustainability 
AI for Cybersecurity 

AI for Citizen Services and Education 
AI for Art and Music 
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Semantic Web 

Speech/Audio Processing 
Verifiable AI 

Other 

AI in software Engineering 

Trusted and Privacy Preserving AI 
Other 

Asset Type 

Dataset 
Docker 

Executable 
AI Model 

Jupyter Notebook 
As A Service 

Library 

Documentation & References 

Legal & Ethics (compliance with GDPR and trustworthy AI ELSEC values defined by the 
HLEG [88]) 

Publisher of the Resource 

First Name Last Name 

Email Organization 

AI asset URL 
Figure 26 AI4EU asset description template 

 

Assets relevant for KnowlEdge 
In this section we will keep a list of relevant AI assets for KnowlEdge that fit into the industrial and 
manufacturing category. Other assets with potential might also be included. For the latest updated 
list, you can check the AI4EU AI resource catalogue website2. We will organise the assets by AI 
application as described in section 3, reporting them following this format: 

 

Name Type 

Description 

Contact URL 

 
In summary, we have counted 35 resources available on the platform related to manufacturing. 
Commercial licensing models and the Software-as-a-Service (SaS) approaches predominate. The 
applications attracting the most attention are predictive maintenance, anomaly detection and 

 
2 https://www.ai4eu.eu/resource-catalog 
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inventory management. This trend may be related to the open calls that the AI4EU project proposes 
to solve industrial challenges. In the following images, one can see the distribution as an illustration. 
 
 
 
 
 
 

 
Figure 27 Distribution of AI4EU manufacturing assets per type 
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Figure 28 Distribution of AI4EU manufacturing assets per license model 
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Figure 29 Distribution of AI4EU manufacturing assets per problem type 

 

Pump Failure prediction As a service (GPL) 

Pump failure prediction model combining pump quality control data with customers exploitation 
conditions 

Nejib MOALLA Nejib.Moalla@univ-lyon2.fr https://www.ai4eu.eu/resource/pump-
failure-prediction 

 

 
 

 

Reinforcement Learning model for traffic bot (RL PoC) AI Model 
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The reinforcement learning model for traffic bot. Here, the case is to produce a system that will 
autonomously decide, how to use its resources the most efficient way within the limitations of the 
system, based on the data of the infrastructure. 

Oleg Novikov shiromi@mail.ru https://www.ai4eu.eu/resource/rl-
poc 

 

A self-service analytics software that can be used 
by experts to analyze large sensor data. 
(PUMPCOM) 

As a Service (license, commercial) 

Our solution is a self-service analytics software that can be used by domain-experts to prepare, 
analyze and organize large sensor data. Advanced data analysis can now be performed without 
the advanced data-analytics knowledge and without the aid of a data scientist. This tool can be 
used to analyze both historical and real-time sensor data. Our solution helps in Automatic 
discovery and visualization of interesting events and anomalies in large sensor data. Identification 
of the most relevant sensors contributing to an event or anomaly. Searching for interesting 
events/trends/anomalies. 

Attila Kiss attila.kiss@qamcom.com 
 

https://www.ai4eu.eu/resource/pumpcom 

 

Anomaly Detection, Smart Demand Recognition, 
Spend Analytics Inspection, Smart Negotiation 
Insight (Kontraqt) 

As a Service (license, commercial) 

Analytics, Forecast, Anomaly Detection, Smart Demand Recognition, Spend Analytics 
Inspection, Smart Negotiation Insight, Algorithmic Decision System. Kontraqt is a subscription 
based SaaS. 

Marius Boitor marius@kontraqt.com 
 

https://www.ai4eu.eu/resource/kontraqt 

 

Machine cOntrol Optimization though 
distributed bayesian reinforcement learNing 
(MOON) 

Jupyter Notebook 

The proposed approach consists on a distributed Bayesian Reinforcement Learning procedure for 
the machine control optimization with an additional generative tool for synthetic data generation 
in order to enhance the scalability of the solution. 

Santiago Muiños Landin 
santiago.muinos@aimen.es 

https://www.ai4eu.eu/resource/moondescription 

 

ROADSCANNER Library (license) 

Ensuring road safety is crucial. Achieving full automation of the road inspection (detection of its 
defects) is important for ensuring its safety and to reduce maintenance cost. Basing on open 
source libraries, models and algorithms QuantUp developed custom software components to 
build full solutions on the top of them. Data used for analysis were acquired from a camera 
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capturing a picture of the road in front of the vehicle, enriched with sensor data (accelerometer, 
gyroscope, magnetometer). Computer Vision, Machine Learning (Deep Learning) and 
optimisation methods were applied to detect potholes, cracks, and ruts. 

Santiago Muiños Landin 
santiago.muinos@aimen.es 

https://www.ai4eu.eu/resource/moondescription 

 

An AI based decision-support tool to define the optimal 
procurement strategy. (HOPS) Docker Container (GPL) 

The proposed solution is a decision-support tool to define the proper stock-level for end products 
and components. It will give purchase proposals in terms of quantity and delivery date per 
reference, considering the lead time for replenishment and the actual and on-arrival amount of 
stock. 

Romeo Bandinelli romeo.bandinelli@unifi.it 
 

https://www.ai4eu.eu/resource/hops 

 

RUL for pumps As a Service (commercial) 

Pumps are often individually tailored and produced for specific customers according to the 
individual requirements driven by the industry, sector and use case. Solution provides a 
framework to build, validate and scale AI driven models to predict failures in pumps based on 
measurements, fluid additions, and other factors 

Günther Hoffmann contact@lexatexer.com 
 

https://www.ai4eu.eu/resource/rul-
pumps 

 

AI ROAD AI Model (commercial license) 

AI based computer vision solution developed for image analysis for detection of road defects. AI 
Algorithms are used for the pothole, rutting and cracking detection in the road images. It is a deep 
learning based object detection technology. The algorithm will look once into the image like its 
name you only look once for detecting the multiclass objects. The technology used here to 
identify the dimensions of a pothole is purely an image processing technique. 

JOSE SANTOS info@copysan.com 
 

https://www.ai4eu.eu/resource/ai-
road 

 

Dmlab AI for Pump Lifetime Prediction As a Service (commercial license) 

Dmlab AI for Pump Lifetime Prediction predicts pump lifetime and failure utilizing advanced 
machine learning techniques. Our solution involves not just building a machine learning model to 
predict pump lifetime, but we intend to use interpretability techniques to investigate how the 
input variables affect the model output.  

Nóra Balogh balogh.nora@dmlab.hu https://www.ai4eu.eu/resource/dmlab-
ai-pump-lifetime-prediction 
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iErp Studio: Smart Procurement with iERP Demand 
Forecasting As a Service (commercial license) 

Manufacturing companies are facing difficulties when it comes to accurate demand forecast as it 
is driven not only by the data history but also by additional external and internal factors. 
Moreover, there are additional factors like product references, current stock status, price and 
more. The solution to improved forecasting accuracy is not to limit the number of variables or to 
ignore the changing importance of these variables between location or product but rather to 
improve the analysis of data to identify true patterns and their cause 

Jozef Balaz jozef@ierp.ai https://www.ai4eu.eu/resource/ierp-
studio 

 

Automated Procurement Manager AI Model (apache license 2.0) 

We have developed a Proof of Concept (with a Chain of Drug Stores) of an algorithm that 
optimizes the inventory/stock level of products in a warehouse and triggers the replenishment 
orders at the optimal moment. Minimizing inventory level while securing that stock is not broken 
(according to customizable Confidence Intervals at the level of each SKU or product category). 

Roger Agustin roger@prenomics.com 
 

https://www.ai4eu.eu/resource/automated-
procurement-manager 

 

Q-RUL AI-powered solution for product quality 
management Docker Container (propietary license) 

Q-RUL provides product lifetime estimation, fault identification and root cause analysis 
capabilities utilizing ensembles of state-of-the-art machine learning and deep learning techniques. 

Thanasis Naskos naskos@abe.gr https://www.ai4eu.eu/resource/q-rul 

 

Clever Stock Optimizer Data-driven service for 
demand forecasting and optimization of stock 
management based on AI 

Docker Container (propietary license) 

AI-service to optimize stock management of materials and components based on forecasting 
models and optimization algorithms. The service is able to: 1) Calculate the right stock of end 
products through a demand forecasting model to estimate both long and short-term sales. 2) 
Calculate the optimal number of references of a specific component to build the end products that 
must be procured to satisfy the estimated demand. Regression models and PSO techniques will be 
employed to optimize the procurements, taking into account information from production systems 
(ERP, MES, etc.) 

Bruno Fernandez bfernandez@gradiant.org https://www.ai4eu.eu/resource/clever-
stock-optimizer 

 
 

 



Towards AI powered manufacturing services, processes, and products in an edge-to-cloud-knowlEdge 
continuum for humans [in-the-loop]  – www.knowlEdge-project.eu 

 
 

 
D2.3 Market Radar and Technology Adaptations (Initial) - Vs: 1.8 - Public 52 / 75 

innoSEP's AI Platform, democratizing industrial 
AI“– Build own AI Apps self-service As a Service (role-based license) 

innoSEP operates an AI - Technology Platform that closes the gap between AI Expert and 
Domain Expert and serves as a collaborative productivity-tool for key roles of the whole 
Analytics lifecycle (Data Scientist, Software Architect, Data Engineer…) to build, deploy and 
maintain industrial Analytics Apps. 

Kerim Galal k.galal@innosep.de https://www.ai4eu.eu/resource/innoseps-
ai-platform 

 

VisioRed, A Visualisation Tool for Interpretable 
Predictive Maintenance Docker Container 

This component introduces a visualisation tool incorporating interpretations to display 
information derived from predictive maintenance models, trained on time-series data. Dataset: 
https://ti.arc.nasa.gov/tech/dash/groups/pcoe/prognostic-data-repository/#turbofan/ Explanation 
techniques: LioNets, LIME, iPCA Related publication: https://arxiv.org/pdf/2103.17003.pdf 
(submitted to conference) 

Ioannis Mollas  iamollas@csd.auth.gr https://www.ai4eu.eu/resource/visiored 

 

MBRL4ProcessTuning Jupyter Notebook 

The proposed Python code implements a model-based reinforcement learning approach for 
process tuning. An ensemble of artificial neural networks is used in order to model the 
inputs/outputs relation. An MPC (exploiting the cross entropy method) is then used to online 
compute the control actions based on a defined cost function. 
 

Loris Roveda loris.roveda@idsia.ch https://www.ai4eu.eu/resource/mbrl4processtuning 

 

SmartProc: High-performance, AI-driven Supply 
Chain forecasting of disruptive predictive quality 
and detail 

As a Service (commercial license) 

SmartProc is a high-performance, AI-driven Supply Chain forecasting tool of disruptive 
predictive quality and detail. SmartProc is useful for smart procurement especially for 
manufacturers facing (a) global and highly volatile supplier networks, (b) increasing variance and 
complexity of products, and/or (c) increasing individualization of products. SmartProc makes use 
of a priori not completely specifiable additional parameters as cost information (e.g. transport 
costs, price scales) and procurement market information (for long-lead-time components from 
highly competitive products). Equipped with a powerful user interface SmartProc can be easily 
implemented in user`s processes and outperforms current statistical methods based on past 
consumption, sales data & in some cases general economic parameters. Execution of SmartProc 
is extremely efficient and allows optimal stock management and cashflow. 
Hansjörg Tutsch  hansjoerg.tutsch@flexis.de https://www.ai4eu.eu/resource/smartproc 
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ClearVu Analytics, Automated Machine 
Learning, Predictive Modeling and Optimization 
for Production Processes 

Executable (demo license) 

ClearVu Analytics integrates experimental design, exploratory data analysis and data pre-
processing, automated machine learning (including cross-validation and hyperparameter 
optimization) and model selection, and multi-objective optimization into a single, easy to use 
framework. Graphical user interface and command line interface are both available, such that all 
functionality can also be used in batch mode. The core functionality is also available as a Python 
package. 
Peter Krause  contact@divis-gmbh.com https://www.ai4eu.eu/resource/clearvu-

analytics 

 

Deep Autoencoders for Anomaly Detection Jupyter Notebook (MIT  license) 

In this resource, we present a brief demo on how to apply Deep Autoencoders to create self-
learning systems for anomaly detection. These algorithms present a huge potential in the 
generation of data-driven digital twins that can be applied to quality and process control, 
predictive maintenence and health monitoring. In this demo, we apply a Deep Convolutional 
Autoencoder to a temporal series of data from an Anomaly Detection Benchmark. 
Carlos Gonzalez-Val carlos.gonzalez@logicmelt.com https://www.ai4eu.eu/resource/deep-

autoencoders-anomaly-detection 

 

Probabilistic Modeled Smart Procurement for 
Egatel Jupyter Notebook (internal license) 

We proposed an AI-driven solution, starting with determining the desired stock level based on the 
price variability and the probability distribution of the demand that is proven to work well in real 
use cases. The desired stock level will then be used as one of the constraints for procurement 
optimization using linear programming. The result is the combinations of suppliers and quantities 
to be procured for each component that makes the minimal cost to fulfil the demands. The 
solution algorithm is light and fast, and the results are fully interpretable. 
Fisher Kuan fisher.kuan@arinti.ai https://www.ai4eu.eu/resource/probabilistic-

modeled-smart-procurement-egatel 

 

Stock Management Hybrid Optimizer  Library (commercial license) 

Implementation of a Hybrid optimization algorithm to make the right decision on the amount 
spare parts in stock, taking into account past sales and forecasts. The purchase decision considers 
the variability of components’ price and volume for an optimal cash flow management. The 
method integrates different optimization algorithms, as well as other AI-based modules (forecast, 
data quality improvement,…) to deliver the Right stock of end products as well as the 
Procurement plant. 
Eduardo Gilabert  egilabert@tekniker.es https://www.ai4eu.eu/resource/stock-

management-hybrid-optimizer 
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MVG (MultiViz Analytics Engine) As a Service (Apache license) 

The MultiViz Analytics Engine empowers condition monitoring with machine learning via the 
analysis of historical data from machines, the discovery of interesting events and the 
unsupervised recognition of the different operational modes. This service connects data from 
vibration sensors (or uploads from a database) to an API to build a solution around the needs of 
the challenge. Easily configurable with Python, this service brings together data scientists and 
domain experts. This service is built around our automatic mode identification algorithm, which 
enables the identification of the different operational modes of a machine or the discovery of 
emerging failure modes. This algorithm distinguishes similar behaviours over time in a 
completely unsupervised way. Furthermore, with the incorporation of the manual or auto 
labelling features, the entire data is automatically annotated for future assessment of the 
operational modes. Finally, our BlackSheep detector incorporates population-wide analytics for 
the comparison of similar machines resulting in the identification of the ones that act differently. 
Mohsen Nosratinia mohsen.nosratinia@vikinganalytics.se https://www.ai4eu.eu/resource/mvg-

multiviz-analytics-engine 

 

DTI Vision Box AI Module  Library (commercial license) 

Custom vision systems combining traditional machine vision with novel AI algorithms that are 
easy to deploy on industrial hardware and communicate with industry 4.0 driven manufacturing 
and robotics. With many years of industrial deployment experience in manufacturing, food, and 
healthcare from DTI vision box 1 and 2 go into identifying the requirements for development of 
the next generation with a verifiable deep learning based module that function seamlessly in 
conjunction with the classical methods. Backed by a team of senior developers and senior 
consultants in ISO certifications. It is under development for DTI Vision Box 3.0 
Michael Nielsen  mlnn@teknologisk.dk https://www.ai4eu.eu/resource/dti-

vision-box-ai-module 

 

Material Planner Decision Support System 
MPDSS 

As a Service (commercial license) 

MPDSS supports the Material Planner with the identification of the parts which are in critical 
stock levels and will therefore cause a bottleneck during production. The identification of critical 
parts, apart from the stock levels, takes into account the production forecast, the supplier 
information and other variables which may cause delays such as weather and political situations. 
The user through the system can identify the parts which are in critical status, take actions to 
resolve the issues and update their status and verify or change the system's output. The input is 
then used to retrain the model in regular intervals in order to improve its accuracy. 
Hansjörg Tutsch  hansjoerg.tutsch@flexis.de https://www.ai4eu.eu/resource/smartproc 

 

AI-driven analytics for a procurement and 
inventory management system 
AI4IMS 

Docker Container (proprietary license) 

This solution integrates simulation, optimization and search algorithms in a multi-stage inventory 
management approach for an adaptive and dynamic response to procurement. 
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Elisabet Capon wideima@protonmail.com https://www.ai4eu.eu/resource/ai4ims 

 

Marking-dependent Threshold Control for 
Machine Tools AI Model 

This model implements a data-driven control policy that is designed to utilise clusters of partial 
information signals emitted from the system in controlling material flow, production, or process. 
The observable information about the state of the system is summarised in the markings and the 
actions of the controller depend on the markings. The methodology selects the right information 
sources, clusters the information sources to markings, and determines the control policy based on 
these markings. A marking-dependent threshold policy is a specific case of the marking-
dependent policy. The marking-dependent thresholds can be determined based on the collected 
data and then updated with the new data. The control policy is based on the last observed 
markings from the system and the thresholds determined for these markings. The model will be 
modified for process control in the project. 
Barış Tan  btan@ku.edu.tr https://www.ai4eu.eu/resource/marking-

dependent-threshold-control-machine-
tools 

 

Foxtail As a Service (commercial license) 

Foxtail enables the companies to automatically create and maintain a large number of models in a 
reasonable timeframe with a minimal engagement of the end user. This solution is based on 
premise that accuracy of predictions has a direct impact on the core business of the company, 
thus accuracy must always be at the highest possible level while the overwhelming number of 
models is handled by the application of distributed computing and an intelligent management 
system. The core part of the Foxtail is a module for distributed large-scale model management, 
which significantly simplifies the implementation of ML models. In parallel, a module for 
automated optimization of existing predictive models is used for fine tuning of every single 
model, thus allowing continuous self-improvement of the models. Black Fox performs genetic 
algorithm (GA) optimization of all elements of the ML model with the aim of generating a model 
that best describes input data. Through the processes of selection, crossover and mutation, the 
system automatically performs adjustment of ML model architecture according to a present 
dataset. For the optimization purposes, the Black Fox relies on the in-house solution OSICE 
(Optimization as a Service in Cloud Environment). 
Miroljub Krstic mkrstic@gmail.com https://www.ai4eu.eu/resource/foxtail 

 

Katie-Ann  Library (commercial license) 

Katie-Ann is our company’s proprietary solution for Neural Network applications. It is a generic 
software tool which is customisable for different AI problems to be solved by “Supervised 
Learning”. Katie-Ann is a standalone PC software tool. There is no need to know any 
programming languages to use it. It accepts IO data in tabular format and produces output as a 
CSV file. 
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Ayca Topalli  ayca@topalli-ai.com https://www.ai4eu.eu/resource/katie-
ann 

 

RL4MachineTuning  Library 

The RL4MachineTuning library proposes the creation of a tool embedding reinforcement 
learning (RL) applied to the tuning of industrial machine parameters to optimize the target 
application. In many industrial applications, in fact, it is not possible to define an analytical 
model (e.g., physical modelling) for the process to be optimized (too complex modelling, 
changing scenarios, etc.). Therefore, the optimization of a specific application requires the use of 
data-driven approaches. RL is indeed a suitable methodology to solve such an issue. By 
exploiting the available data from the target application, it is possible to design an RL-based 
solution capable to create a mapping between the inputs and the outputs of the process. RL, 
appropriately defining the target objective function to be optimized, allows guiding the learning 
of the target application, optimizing its results. The RL4MachineTuning library embeds an RL 
methodology, having the possibility to exploit user-specified reward/penalty functions 
(specifically designed for a target process/application), user-specified inputs (such as available 
measurements used by the specified reward/penalty functions), and user-specified outputs (such 
as quality measurements of the target applications or other signals/states available from the 
machine) for the definition of the objective of the RL, allowing making the proposed library 
general and applicable to a wide range of applications (even outside the industrial context).  
Loris Roveda loris.roveda@idsia.ch https://www.ai4eu.eu/resource/rl4machinetuning 

 

open_DC_motor  Dataset (open source) 

The dataset contains raw data of vibration, voltage, current consumption and temperatures of a 
small DC motor and a spreadsheet of signal processing characteristics of each raw file. 
Anibal Reñones  aniren@cartif.es https://www.ai4eu.eu/resource/opendcmotor 

 

Hexlite OWLAPI Plugin Docker Container (MIT license) 

This plugin permits to use OWL ontologies within HEX programs. This docker Image contains 
Hexlite, an ASP solver based on Clingo and Python, packaged together with the Java API of 
Hexlite and an OWLAPI-compatible plugin for external computations in Logic Programs. The 
image contains runnable examples. 
Peter Schüller   peter.schueller@tuwien.ac.at https://www.ai4eu.eu/resource/hexlite-

owlapi-plugin 

 

Time prediction for flexible manufacturing Jupyter Notebook (MIT  license) 

The code provides functions for training and evaluation of a stacked LSTM model with spatial 
dropout. It predicts the duration of production per item for a given production plan. The products 
have different configurations (in this example we have three different colours). In the pre-
processing the function can add padding to the sequence of products such that the LSTM trains 
well even if the starting time of the items is irregular. A simulation for the input data is included 
in the code. It serves as a basis for an uncertainty estimation (not covered in this code). 
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Florian Zimmermann 
florian.zimmermann@iais.fraunhofer.de 

https://www.ai4eu.eu/resource/time-
prediction-flexible-manufacturing 

 

LAI4D 3D sketch interpreter As a Service (freeware license) 

The design of 2D or 3D geometries is involved in most of science, art and engineering activities. 
Modern design tools are powerful and boost the productivity of designers, but require a lot of 
training, effort and time to achieve a good understanding and an efficient exploitation. LAI4D is 
a non-profit R&D project whose aim is to develop an artificial intelligence able to emulate 
cognitive functions regarding spatial imagination and other capabilities. This technology will help 
improve the communication between designers and design tools as well as accelerate the 
engineering process. The practical implementation of the research has been conceived as a dual 
web application that can work as a 3D viewer widget or as a free light 3D CAD tool providing 
the adequate environment for the project. This CAD tool incorporates a special design assistant 
capable of extracting conceptual geometries from pictures or sketches provided by the user as 
input thanks to innovative AI algorithms. 
Juan Andrés Hurtado jahb@lai4d.com https://www.ai4eu.eu/resource/lai4d-

3d-sketch-interpreter 

 

SUNNY-CP Docker Container (apache license) 

sunny-cp [5] is a parallel portfolio solver that allows one to solve a Constraint 
(Satisfaction/Optimization) Problem defined in the MiniZinc language. It essentially implements 
the SUNNY algorithm and extends its sequential version. sunny-cp is built on top of state-of-the-
art constraint solvers, including: Choco, Chuffed, HaifaCSP, JaCoP, MinisatID, OR-Tools, Picat, 
Chuffed, and Gecode. In a nutshell, sunny-cp relies on two sequential steps: PRE-SOLVING: 
consists in the parallel execution of a (maybe empty) static schedule and the neighbourhood 
computation of underlying k-NN algorithm; SOLVING: consists in the parallel and cooperative 
execution of a number of the predicted solvers, selected by means of SUNNY algorithm. sunny-
cp won the gold medal in the open track of MiniZinc Challenges 2015, 2016, and 2017, and the 
silver medal in 2018 and 2019.  
Roberto Amadini   roberto.amadini@unibo.it https://www.ai4eu.eu/resource/sunny-cp 
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7.4 AI4EU Community 

7.5 ICT38 AI4EU related projects 
KnowlEdge is one of the projects funded under the H2020 ICT38 call, with the focus on integrating 
state-of-the-art AI technologies in the manufacturing domain, for example in agile production 
processes and predictive quality, taking into account the domain-specific requirements in terms of 
time criticality, safety and security, finding effective ways for collaboration between humans and AI 
systems, and exploiting the strengths of both humans and machines while keeping the human in 
control. As part of this market analysis and diving into the ICT26 AI4EU ecosystem, we will 
introduce the other projects funded under the ICT38 call. 

 

AI-PROFICIENT  
Artificial Intelligence for improved 
PROduction efFICIEncy, quality and 
maiNTenance  
The AI-PROFICIENT project will pave the way for integration of advanced AI technologies to 
manufacturing domain through an evolution from hierarchical and reactive decision making to self-
learning and proactive control strategies. The proposed approach is underpinned by predictive and 
prescriptive AI analytics at both component and system level, by cross-fertilizing edge and 
platform AI, while leveraging the human knowledge and feedback for reinforcement learning 
(human-in-the-loop). AI-PROFICIENT aspires to bring advanced AI technologies to 
manufacturing and process industry, while improving the production planning and execution, and 
facilitating the collaboration between humans and machines. Taking the full advantage of AI 
capabilities and human knowledge, AI-PROFICIENT will develop proactive control strategies to 
improve the manufacturing process over three main vectors: production efficiency, quality and 
maintenance. AI-PROFICIENT will increase the positive impact of AI technology on the 
manufacturing process as a whole, while keeping the human in central position, assuming 
supervisory (human-on-the-loop) and executive (human-in-command) roles. AI-PROFICIENT 
intends to identify the effective means for human-machine interaction, while respecting the safety 
and security requirements and following the ethical principles, in order to enable: event 
identification and prediction, operation scenarios simulation, transparent decision and optimal 
control, and personalized shop-floor assistance. Such an approach will ensure that the ambitious, 
but realistic project targets, namely to improve production planning and execution, as well as to 
facilitate the human-machine collaboration, are achievable for the European manufacturing and 
process industry. The implementation of this novel concept will be based on the results of several 
recently finished European R&D projects, which will be demonstrated in two pilot sites, under 
different scenarios of significant economic value. 
Benoit Iung  

benoit.iung@univ-lorraine.fr 

https://www.loria.fr/en/ai-proficient-artificial-intelligence-for-
and-by-humans-at-the-heart-of-the-manufacturing-industry-of-
the-future/ 
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ASSISTANT 
leArning and robuSt deciSIon SupporT systems for 
agile mANufacTuring environments 

 
To keep manufacturing production competitive, managers must design and manage complex 
collaborative and reconfigurable production systems that make maximum use of new technologies. 
However, this still requires much research to unleash the full benefit of digital tools for 
manufacturing. The EU-funded ASSISTANT project aims to develop breakthrough solutions for 
the manufacturing industry, using artificial intelligence to optimise production systems. One of the 
keystones of ASSISTANT is the creation of intelligent digital twins. By combining machine 
learning, optimisation, simulation, and domain models, ASSISTANT develops tools and solutions 
providing all required information to help production managers design production lines, plan 
production, and improve machine settings for effective and sustainable decisions that guarantee 
product quality and safety. 
ASSISTANT provides decision makers with generative design-based software for all 
manufacturing decisions. Rather than writing ad hoc code for each manufacturing sector, it 
provides a set of intelligent digital twins that self-adapt to the manufacturing environment. It 
promote a methodology that enhances generative design with learning aspects of AI thanks to the 
data available in manufacturing. ASSISTANT aims to synthesize predictive/prescriptive models 
adjusted to the shop floor for each decision levels. Digital twins will be used as oracles by ML in 
order to converge towards models in phase with reality. This means that rather than writing specific 
code to cover a restricted set of goals/scenarios/hypotheses for a manufacturing system and a 
decision level, ASSISTANT will aim at learning models that can be used by standard optimization 
libraries. In this context, ML is used to predict parameter values, characterize parameters 
uncertainty, and acquire physical constraints. ASSISTANT will experiment this methodology on a 
significant panel of use cases selected for their relevance in the current context of the digital 
transformation of production in major manufacturing sectors undergoing rapid transformations like 
the energy, the industrial equipment, and automotive sectors which already make extensive use of 
digital twins. 
Félicien Barhebwa – Mushamuka, PhD 
https://assistant-project.eu/contact/ 

https://assistant-project.eu/ 
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COALA 
COgnitive Assisted agile manufacturing for a LAbor 
force supported by trustworthy Artificial Intelligence 

 
Humans are at the center of knowledge-intensive manufacturing processes. They must be skilled 
and flexible to meet the requirements of their work environment. The training of new workers in 
these processes is time consuming and costly for companies. Industries, such as the Italian textile 
sector suffer from the shortage of skilled workers caused, e.g. by the demographic change. A 
second challenge for the manufacturing sector is the continuous competition through high quality 
products. COALA will address both challenges through the innovative design and development of 
a voice-first Digital Intelligent Assistant for the manufacturing sector. The COALA solution will 
be based on the privacy-focused open assistant Mycroft. It integrates prescriptive quality analytics, 
AI system to support on-the-job training of new workers, and a novel explanation engine - the 
WHY engine. COALA will address AI ethics during design, deployment, and use of the new 
solution. Critical components for the adoption of the solution are a new didactic concept to reach 
workers about opportunities, challenges, and risks in human-AI collaboration, and a concurrent 
change management process. Three use cases (textile, white goods, liquid packaging) will evaluate 
the results in common manufacturing processes with significant economic relevance. COALA will 
contribute its results to the European AI community, e.g. via the AI4EU platform, and it will 
involve Digital Innovation Hubs to replicate its demonstrators for Europe’s first trustworthy digital 
assistant for the manufacturing industry. We expect to reduce the failure cost in manufacturing by 
30-60% with the prescriptive quality analytics feature and the assisted worker training. For the 
change over time we expect a reduction of 15% to 30% by shortening the worker training time. 
Karl Hribernik 
info @coala-h2020.eu 

https://www.coala-h2020.eu/ 
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EU-JAPAN.AI 
Advancing Collaboration and 
Exchange of Knowledge Between 
the EU and Japan for AI-Driven 
Innovation in Manufacturing  

Artificial Intelligence technology is already having a great impact in many areas, especially 
including the manufacturing sector. The integration of AI with advanced manufacturing 
technologies and systems makes it possible to exploit the full potential in the manufacturing 
industry by achieving a higher level of adaptability, efficiency and robustness. At the same time, 
such systems will be human-centric and promote the inclusion and cooperation with humans during 
planning and execution which can help to improve the quality of products and processes. Both the 
EU and Japan have recognised these new development trends and their importance. In order to 
widely deploy these technologies, special attention is given to international cooperation and 
exchange of knowledge between EU and Japan for AI-driven innovation in manufacturing. The 
EU-Japan.AI project is responding to this need by implementing a platform-based approach to 
connect all the relevant stakeholders from EU and Japan working on AI applications for 
manufacturing. This platform, besides other tools, will include an open-information hub, 
encouraging the exchange of information on the respective research programmes and technological 
results. This will be supported by distribution of topic relevant materials, information on upcoming 
events and matchmaking opportunities and twinning activities to establish a vibrant and connected 
network at the heart of the platform, where a community of practice approach will facilitate the 
cooperation of all the participants. Convergence workshops will help to establish how research and 
innovation projects should address AI for manufacturing, the needs and requirements for AI from 
the point of manufacturers’ view as well as to address current needs and future requirements. 
Overall, the project aims to establish, stimulate and support a long-term cooperation between the 
participants, by connecting them via the project’s platform and by using modern, online-driven 
awareness approaches. 
 

office@eu-japan.ai https://project.eu-japan.ai/ 
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MAS4AI 
Multi-Agent Systems for Pervasive 
Artificial Intelligence for assisting 
Humans in Modular Production 
Environments  
European industry has been very competitive on the global markets by utilizing highly efficient 
Artificial Intelligence (AI) tools and massively producing high quality products. The advent of 
mass customization has been stressing the capability of modularization and flexibility of production 
processes through the incorporation of AI technologies. However, the communication between the 
different automation systems has not been yet accomplished efficiently since they lack 
interoperability and are restricted to their own system of coordination. The MAS4AI proposal 
proposes a system that allows the deployment and synchronization of different AI agents in 
manufacturing for autonomous modular production and human assistance. The MAS4AI system 
will be heavily driven by large industrial cases and will aim towards digitizing European industry 
with AI tools according to the Industry 4.0 paradigm. MAS4AI will develop its overall ambition 
by the means of four Scientific and Technological objectives namely: a) Multi-Agents-System 
(MAS) for distributing AI components in different hierarchy layers, customers and suppliers for 
realising refurbishment activities, b) AI agents using knowledge-based representation with 
Semantic Web Technologies, c) AI Agents for hierarchical planning of production processes, d) 
model-based Machine Learning (ML) AI agent. MAS4AI research and technological activity will 
be strongly driven by a set of industrial use cases which will be then used as demonstrators. The 
demonstrators involve important industrial sectors of high value added for Europe, namely AI 
technologies used for automotive, contract manufacturing, bicycle industry, bearings production 
and wood processing industry. 
 

info@mas4ai.eu https://mas4ai.eu/ 

 
  



Towards AI powered manufacturing services, processes, and products in an edge-to-cloud-knowlEdge 
continuum for humans [in-the-loop]  – www.knowlEdge-project.eu 

 
 

 
D2.3 Market Radar and Technology Adaptations (Initial) - Vs: 1.8 - Public 63 / 75 

STAR 
Safe and Trusted Human Centric Artificial 
Intelligence in Future Manufacturing Lines 

 
AI systems in industrial plants must be safe, trusted and secure, even when operating in dynamic, 
unstructured and unpredictable environments. STAR is a joint effort of AI and digital 
manufacturing experts towards enabling the deployment of standard-based secure, safe reliable 
and trusted human centric AI systems in manufacturing environments. STAR will research and 
make available novel technologies that will enable AI systems to acquire knowledge in order to 
take timely and safe decisions in dynamic and unpredictable environments. Moreover, it will 
research technologies that enable AI systems to confront sophisticated adversaries and to remain 
robust against security attacks. STAR will research and integration leading edge AI technologies 
with wide applicability in manufacturing environments, including: 
• Active learning systems that boost safety and accelerate the acquisition of knowledge. 
• Simulated reality systems that accelerate Reinforcement Learning (RL) in human robot 
collaboration scenarios. 
• Explainable AI (XAI) systems that boost the transparency of industrial systems and increase the 
trust on them. 
• Human-centric digital twins enabling worker monitoring for safer and trustful production 
processes. 
• Advanced RL techniques for optimal navigation of mobile robots and for the detection of safety 
zones in industrial plants. 
• Cyber-defence mechanisms for sophisticated poisoning and evasion attacks against deep neural 
networks operating over industrial data. 
These technologies will be validated in challenging scenarios in manufacturing lines in the areas 
of quality management, human robot collaboration and AI-based agile manufacturing. STAR will 
eliminate security and safety barriers against deploying sophisticated AI systems in production 
lines. The results will be fully integrated into existing EU-wide initiatives (EFFRA, AI4EU), as a 
means of enabling researchers and the European industry to deploy and leverage advanced AI 
solutions in production lines.  

info@star-ai.eu https://star-ai.eu/ 
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TEAMING.AI 
Human-AI Teaming Platform for Maintaining and 
Evolving AI Systems in Manufacturing 

 
Smart Manufacturing is believed to play a critical role in maintaining the competitiveness of 
organisations, by supporting them at different levels such as process optimisation, resource 
efficiency, predictive maintenance and quality control. Nevertheless, AI technologies which are 
currently and rapidly penetrating industrial sectors at those levels remain essentially narrow AI 
systems. This is due to the lack of self-adaptiveness in the AIs capability to assimilate and interpret 
new information outside of its predefined programmed parameters. This mean that AI systems are 
tailored for solving specific tasks on a specific predefined setting and changes in the underlying 
setting usually requires system adaption ranging from fine-grained parameter adaptations to fully-
fledged re-design and re-development of AI systems. 
TEAMING.AI project aims to make a breakthrough in smart manufacturing by introducing greater 
customisation and personalisation of products and services in AI technologies. Through a new 
human and AI teaming framework manufacturing processes will be optimised: the greatest 
strengths of both these elements can be maximised while safety and ethical compliance guidelines 
are examined and maintained. 
TEAMING.AI project aims at a human AI teaming framework that integrates the strengths of both, 
the flexibility of human intelligence and scale-up capability of machine intelligence. Human AI 
teaming is equally motivated to meet the increased need for flexibility in the maintenance and 
further evolution of AI systems, driven by the increasing personalization of products and service, 
as well as tackling the barriers of user acceptance and ethical challenges involved in the 
collaborative environments where artificial intelligence will be used, so that AI can be considered 
a “teammate” rather than as a threat. 

info@star-ai.eu https://www.teamingai-project.eu/ 
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XMANAI 
Explainable Manufacturing 
Artificial Intelligence 

 
What is artificial intelligence (AI) and how does it work? For many people, these questions are not 
easy to answer: this is due to the fact that many machine learning and deep learning algorithms 
cannot be examined after their execution. The EU-funded XMANAI project will focus on 
explainable AI, a concept that contradicts the idea of the ‘black box’ in machine learning, where 
even the designers cannot explain why the AI reaches a specific decision. XMANAI will carve out 
a ‘human-centric’, trustful approach that will be tested in real-life manufacturing cases. The aim is 
to transform the manufacturing value chain with ‘glass box’ models that are explainable to a 
‘human in the loop’ and produce value-based explanations. 
Despite the indisputable benefits of AI, humans typically have little visibility and knowledge on 
how AI systems make any decisions or predictions due to the so-called “black-box effect” in which 
many of the machine learning/deep learning algorithms are not able to be examined after their 
execution to understand specifically how and why a decision has been made. The inner workings 
of machine learning and deep learning are not exactly transparent, and as algorithms become more 
complicated, fears of undetected bias, mistakes, and miscomprehensions creeping into decision 
making, naturally grow among manufacturers and practically any stakeholder 
In this context, Explainable AI (XAI) is today an emerging field that aims to address how black 
box decisions of AI systems are made, inspecting and attempting to understand the steps and 
models involved in decision making to increase human trust. 
XMANAI aims at placing the indisputable power of XAI at the service of manufacturing and 
human progress, carving out a “human-centric”, trustful approach that is respectful of European 
values and principles, and adopting the mentality that “our AI is only as good as we are”. XMANAI, 
demonstrated in 4 real-life manufacturing cases, will help the manufacturing value chain to shift 
towards the amplifying AI era by coupling (hybrid and graph) AI ""glass box"" models that are 
explainable to a ""human-in-the-loop"" and produce value-based explanations, with complex AI 
assets (data and models) management-sharing-security technologies to multiply the latent data 
value in a trusted manner, and targeted manufacturing apps to solve concrete manufacturing 
problems with high impact. 

Michele Sesana 

michele.sesana@txtgroup.com 

https://ai4manufacturing.eu/ 
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8 Conclusions 
AI is driving the new digital reinvention and I4.0. As described throughout this document, combined 
with other new technologies such as the IIoT, the Digital Twin or Edge Computing, AI can transform 
not only core operations, but also the experience of workers and customers as well as business models 
themselves. The manufacturing sector has taken the undisputed lead when it comes to AI adoption in 
industrial automation. Business considerations around efficiency, cost, quality improvement or safety 
make AI a perfect solution to address the new challenges of industrial automation.  
Although Europe has the lead in AI deployment according to survey studies, by the number of AI 
patents in the manufacturing sector US has a clear advantage, with China showing remarkable growth 
in recent years approaching European and Japanese levels. China has the best projected impact on its 
GDP from applying AI in the manufacturing sector, given the size of this business in its total 
economy. The applications with the most significant potential and that arouse the most interest in the 
industry are those related to core production services (e.g. quality testing, maintenance, logistics, 
product development, supply chain management). 
The degree of implementation and adoption by companies is growing and is expected to explode in 
the next few years in the three major industrial clusters (US, EU, Asia), with high expectations 
regarding increased profits and productivity. However, this euphoria is not without its challenges for 
companies to adopt it at scale. Internal issues such as dependence on legacy systems and the 
orchestration of company data or external issues such as new regulations or the immaturity of the 
labour market prepared for these new digital skills are obstacles that will have to be overcome in 
order to deploy AI to its full potential at scale. 
Regarding the possible synergies with the AI4EU project, there is potential to integrate existing open-
source assets related to KnowlEdge use cases and integrate some of the toolsets developed during the 
project into the AI4EU catalogue. Other community-related activities will be engaged to disseminate 
the project results into the AI4EU fora as the activities advance. 
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Annex A: AIWATCH AI's keyword classification per domain 
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Annex B: History 

Document History 

Versions • V0.0 (10/02/21) 

Contributions • Creation of first draft template, preliminar index 

Versions • V0.1 (22/02/21) 

Contributions • Extension of index with new sections, reflecting areas to be covered with current 
meta research 

Versions • V0.2 (12/03/21) 

Contributions • Introduction, questionnaire preparation 

Versions • V0.3 (18/03/21) 

Contributions • Work related with AI4EU assets 

Versions • V1.7 (15/06/21) 

Contributions • Prefinal version ready to review 

Versions • V1.8 (28/06/21) 

Contributions • Final version with review modifications 



Towards AI powered manufacturing services, processes, and products in an edge-to-cloud-knowlEdge 
continuum for humans [in-the-loop]  – www.knowlEdge-project.eu 

 
 

 
D2.3 Market Radar and Technology Adaptations (Initial) - Vs: 1.8 - Public 70 / 75 

9 References 
 
[1]  S. a. N. P. Russel, Artificial Intelligence. A Modern Approach, 2010.  
[2]  J. M. M. L. R. N. S. C. McCarthy, “A Proposal For The Dartmouth Summer Research 

Project On Artificial Intelligence,” 1955. 
[3]  J. McCarthy, “What is Artificial Intelligence,” 2007. 
[4]  M. L. Minsky, “Semantic information processing,” Cambridge, MA: MIT Press, 1969. 
[5]  A. S. H. A. Newell, “Computer science as empirical enquiry: Symbols and search.,” 

Communications of the ACM, vol. 19, no. 3, pp. 113-126, 1976.  
[6]  High-Level Expert Group on Artificial Intelligence, “A Definition of AI: Main Capabilities 

and Disciplines,” European Commission, Brussels, 2019. 
[7]  OECD, “Recommendation of the Council of Artificial Intelligence,” OECD Legal 

Instrument, Paris, 2019. 
[8]  A. Turing, “Computing Machinery and Intelligence,” Mind, vol. 49, pp. 433-460, 1950.  
[9]  OECD Centre for Entrepreneurship, SMEs, Regions and Cities (CFE), “The Digital 

Transformation of SMEs,” OECD, 2021. 
[10]  European Commission, “AI Watch Monitor the development, uptake and impact of Artificial 

Intelligence for Europe,” [Online]. Available: https://knowledge4policy.ec.europa.eu/ai-
watch_en. 

[11]  S. L. C. M. G. G. E. D. P. G. M.-P. F. a. D. B. Samoili, “AI WATCH. Defining Artificial 
Intelligence,” Publications Office of the European Union, Luxembourg, 2020. 

[12]  S. J. Lighthill, “Artificial Intelligence: A General Survey,” in Artificial Intelligence; a Paper 
Symposium, Science Research Council, 1973.  

[13]  J. &. K. X. &. X. F. &. B. X. &. W. L. &. Q. Q. &. L. I. Liu, “Artificial Intelligence in the 
21st Century,” IEEE Access, vol. 6, pp. 34403-34421, 2018.  

[14]  R. M. A. K. A.-F. A. a. G. M. Jagatheesaperumal S.K, “The Duo of Artificial Intelligence 
and Big Data for Industry 4.0: Review of Applications, Techniques, Challenges, and Future 
Research Directions,” 2021. [Online]. Available: arXiv:2104.02425 [cs.AI]. 

[15]  G. E. Moore, “Cramming more components onto integrated circuits,” Electronics, vol. 38, 
no. 8, pp. 114-117.  

[16]  OpenAI, “AI and Efficiency,” 5 May 2020. [Online]. Available: https://openai.com/blog/ai-
and-efficiency/. 

[17]  CISCO, “Cisco Visual Networking Index: Forecast and Trends,” 2020. [Online]. Available: 
https://www.cisco.com/c/en/us/solutions/collateral/executive-perspectives/annual-internet-
report/white-paper-c11-741490.html. 

[18]  Microsoft, “2019 Manufacturing Trends Report,” 2018. 
[19]  W. W. a. J. H. H. Kagermann, “Recommendations for Implementing the Strategic Initiative 

Industrie 4.0: Securing the Future of German Manufacturing Industry. Final Report of the 
Industrie 4.0 Working Group,” Acatech, Forschungsunion , 2013. 

[20]  G. B. N. A. a. A. F. L.S. Dalenogare, “The expected contribution of Industry 4.0 
technologies for industrial performance,” Int. J. Prod. Econ., vol. 204, pp. 383-394, 2018.  

[21]  National Institute of Standards and Technology. U.S. Department of Commerce, “Smart 
Manufacturing Operations Planning and Control Program,” 2014. [Online]. Available: 



Towards AI powered manufacturing services, processes, and products in an edge-to-cloud-knowlEdge 
continuum for humans [in-the-loop]  – www.knowlEdge-project.eu 

 
 

 
D2.3 Market Radar and Technology Adaptations (Initial) - Vs: 1.8 - Public 71 / 75 

https://www.nist.gov/programs-projects/smart-manufacturing-operations-planning-and-
control-program. 

[22]  Frost & Sullivan, “Artificial Intelligence in the Shop Floor Envisioning the Future of 
Intelligent Automation and its Impact on Manufacturing,” 2018. 

[23]  pwc, “An introduction to implementing AI in manufacturing,” 2020. 
[24]  E. D. R. a. C. S. Brynjolfsson, “Artificial Intelligence and the Modern Productivity Paradox: 

A Clash of Expectations and Statistics,” National Bureau of Economic Research, Cambridge, 
2017. 

[25]  A. J. G. A. G. Agrawal, “Economic Policy for Artificial Intelligence,” National Bureau of 
Economic Research, Cambridge, 2018. 

[26]  McKinsey & Company, “Noted from the AI frontier: Insights from hundreds of use cases,” 
2018. 

[27]  OECD, “OECD Science, Technology and Innovation Outlook 2018,” OECD Publishing, 
2018. 

[28]  Deloitte China, “AI Enablement on the way to Smart Manufacturing. Deloitte Survey on AI 
Adoption in Manufacturing”. 

[29]  GP Bullhound, “Smart Manufacturing. The Rise of The Machines,” 2019. 
[30]  Accenture, “Combine and Conquer: Unlocking the power of digital,” 2017. 
[31]  Capgemini Research Institute, “Scaling AI in Manufacturing Operations: A Practitioner's 

Perspective”. 
[32]  PwC, “PwC's Global Digital Operations Study, 2018. Digital champions,” 2018. 
[33]  European Patent Office, “Patents and the Patents and the Fourth Industrial Revolution Fourth 

Industrial Revolution The global technology trends enabling the data-driven economy The 
inventions behind digital transformation | December 2020,” 2020. 

[34]  Coursera, “Global Skill Index,” 2020. 
[35]  World Economic Forum, “Jobs of Tomorrow: Mapping Opportunity in the New Economy,” 

2020. 
[36]  D. Simchi-Levi, P. Kaminsky and E. Simchi-Levi, “Designing and Managing the Supply 

Chain: Concepts, Strategies, and Case Studies,” Journal of Business Logistics, vol. 22, pp. 
259-261, 2001.  

[37]  J. Shapiro, “Modeling the Supply Chain,” Journal of Business Logistics, vol. 24, pp. 244-
246, 2003.  

[38]  McKinsey Analytics, “Global AI Survey: AI proves its worth, but few scale impact,” 
McKinsey , 2019. 

[39]  McKinsey, “Supply Chain 4.0 – the next-generation digital supply chain,” McKinsey, 2016. 
[40]  World Trade Organization, IDE-Jetro, OECD, UIBE, World Bank Group, “GLOBAL 

VALUE CHAIN DEVELOPMENT REPORT 2019. TECHNOLOGICAL INNOVATION, 
SUPPLY CHAIN TRADE, AND WORKERS IN A GLOBALIZED WORLD,” 2019. 

[41]  Walker Research, “Consumer 2020,” 2020. 
[42]  T. Reza, S. Vahid, N. Ali, O. Pejvak and F. Maria, “Artificial intelligence in supply chain 

management: A systematic literature review,” Journal of Business Research, vol. 122, pp. 
502-517, 2021.  

[43]  V. S. A. N. P. O. M. F. R. Toorajipour, “Artificial intelligence in supply chain management: 
A systematic literature review,” Journal of Business Research, vol. 122, pp. 502-517, 2021.  



Towards AI powered manufacturing services, processes, and products in an edge-to-cloud-knowlEdge 
continuum for humans [in-the-loop]  – www.knowlEdge-project.eu 

 
 

 
D2.3 Market Radar and Technology Adaptations (Initial) - Vs: 1.8 - Public 72 / 75 

[44]  Accenture, “POST-DIGITAL HUMAN EXPERIENCE Accenture Technology Vision 2020 
Freight & Logistics,” 2020. 

[45]  MHI Deloitte, “Innovation Driven Resilience. How technology and innovation help supply 
chains thrive in unprecedented times”. 

[46]  MarketsandMarkets, “Warehouse Robotics Market by Type (Mobile, Articulated, 
Cylindrical, SCARA, Parallel, Cartesian), Software, Function (Pick & Place, Palletizing & 
Depalletizing, Transportation, Packaging), Payload Capacity, Industry, and Region - Global 
Forecast to 2022,” 2017. 

[47]  M. S. e. al., “NimbRo picking: Versatile part handling for warehouse automation,” in IEEE 
International Conference on Robotics and Automation (ICRA), 2017.  

[48]  A. D. Patel and A. R. Chowdhury, “Vision-based Object Classification using Deep Learning 
for Inventory Tracking in Automated Warehouse Environment,” in 20th International 
Conference on Control, Automation and Systems (ICCAS), 2020.  

[49]  Bloomberg, “Who’s Winning the Self-Driving Car Race?,” 2018. [Online]. Available: 
https://www.bloomberg.com/news/features/2018-05-07/who-s-winning-the-self-driving-car-
race. 

[50]  P. B. a. E. Z. M. Compare, “Challenges to IoT-Enabled Predictive Maintenance for Industry 
4.0,” IEEE Internet of Things Journal, vol. 7, no. 5, pp. 4585-4597, 2020.  

[51]  J. Schreiner, “IoT Basics: What is Predictive Maintenance?,” 14 04 2019. [Online]. 
Available: https://www.spotlightmetal.com/iot-basics-what-is-predictive-maintenance-a-
820638/. 

[52]  S. Ayvaz and K. Alpay, “Predictive maintenance system for production lines in 
manufacturing: A machine learning approach using IoT data in real-time,” Expert Systems 
with Applications, 2021.  

[53]  C. M. N. P. M. P. d. B. Celso Marcelo F. Lapa, “A model for preventive maintenance 
planning by genetic algorithms based in cost and reliability,” Reliability Engineering & 
System Safety, vol. 91, no. 2, pp. 233-240, 2006.  

[54]  D. N. a. C. Y. K. S. Hoong Ong, “Predictive Maintenance for Edge-Based Sensor Networks: 
A Deep Reinforcement Learning Approach,” 2020 IEEE 6th World Forum on Internet of 
Things (WF-IoT), pp. 1-6, 2020.  

[55]  G. B. G. D. F. L. Emiliano Traini, “Machine Learning Framework for Predictive 
Maintenance in Milling,” IFAC-PapersOnLine, vol. 52, no. 13, pp. 177-182, 2019.  

[56]  M. K. J. T. T. N. S. C. a. T. S. P. Zhao, “Advanced correlation-based anomaly detection 
method for predictive maintenance,” 2017 IEEE International Conference on Prognostics 
and Health Management (ICPHM), pp. 78-83, 2017.  

[57]  T. G. N. Amruthnath, “A research study on unsupervised machine learning algorithms for 
early fault detection in predictive maintenance,” 2018 5th International Conference on 
Industrial Engineering and Applications (ICIEA), pp. 355-361, 2018.  

[58]  s. r. c. a. g. o. M. D. t. D. C. GAN, “Waad Almasri and Dimitri Bettebghor and F. Ababsa 
and Florence Danglade,” ArXiv, vol. abs/2010.11833, 2020.  

[59]  O. Sangeun, J. Yongsu , K. Seongsin , I. Lee and N. Kang, “Deep Generative Design: 
Integration of Topology Optimization and Generative Models,” arXiv: Learning, 2019.  

[60]  Z. N. a. T. L. a. H. J. a. L. Kara, “TopologyGAN: Topology Optimization Using Generative 
Adversarial Networks Based on Physical Fields Over the Initial Domain,” ArXiv, vol. 
abs/2003.04685, 2020.  



Towards AI powered manufacturing services, processes, and products in an edge-to-cloud-knowlEdge 
continuum for humans [in-the-loop]  – www.knowlEdge-project.eu 

 
 

 
D2.3 Market Radar and Technology Adaptations (Initial) - Vs: 1.8 - Public 73 / 75 

[61]  D. P. K. a. M. Welling, “Auto-Encoding Variational Bayes,” CoRR, vol. abs/1312.6114, 
2014.  

[62]  N. A. K. a. N. D. Lagaros, “DzAIN: Deep learning based generative design,” Procedia 
Manufacturing, vol. 44, pp. 591-598, 2020.  

[63]  ISO, “ISO 9000:2005 Quality management systems — Fundamentals and vocabulary,” ISO, 
2005. 

[64]  L. Stebbing, Quality Assurance: The Route to Efficiency and Competitiveness, Prentice Hall, 
1993.  

[65]  Y. M. L. Z. R. X. G. D. W. Jinjiang Wang, “Deep learning for smart manufacturing: 
Methods and applications,” Journal of Manufacturing Systems, vol. 48, pp. 144-156, 2018.  

[66]  J. Z. V. A. F. C. R. G. R. T. Alessandra Caggiano, “Machine learning-based image 
processing for on-line defect recognition in additive manufacturing,” CIRP Annals, vol. 68, 
no. 1, 2019.  

[67]  B. S.-R. M. S. D. Weimer, “Design of Deep Convolutional Neural Network Architectures for 
Automated Feature Extraction in Industrial Inspection,” CIRP Annals Manufacturing 
Technology, vol. 65, no. 1, pp. 417-420, 2016.  

[68]  B. K. J. P. a. D. K. J.K. Park, “Machine learning-based imaging system for surface defect 
inspection,” Int J Precision Eng Manuf Green Technol, vol. 3, no. 3, pp. 303-310, 2016.  

[69]  R. Y. a. R. G. A. Malhi, “Prognosis of defect propagation based on recurrent neural 
networks,” IEEE Trans Instrum Meas, vol. 60, no. 3, pp. 703-711, 2011.  

[70]  L. V. G. S. a. P. A. P. Malhotra, “Long short term memory networks for anomaly detection 
in time series,” in Proceeding of European symposium on artificial neural networks, 
computational intelligence, and machine learning, Bruges, Belgium, 2015.  

[71]  K. R. A. Z. H. Y. (. K. Tzu-Liang (Bill) Tseng, “E-quality control: A support vector 
machines approach,” Journal of Computational Design and Engineering, vol. 3, no. 2, pp. 
91-101, 2016.  

[72]  J.-Y. D. L. H. Hamideh Rostami, “Review of data mining applications for quality assessment 
in manufacturing industry: Support Vector Machines,” International Journal of Metrology 
and Quality Engineering, vol. 6, no. 4, p. 59, 2015.  

[73]  M. G. Institute, “Visualizing the uses and potential impact of AI and other analytics,” 17 
April 2018. [Online]. Available: https://www.mckinsey.com/featured-insights/artificial-
intelligence/visualizing-the-uses-and-potential-impact-of-ai-and-other-analytics#. 

[74]  C. Dilmegani, “Demand forecasting in the age of AI & machine learning,” AIMultiple, 7 
January 2021. [Online]. Available: https://research.aimultiple.com/demand-forecasting/. 

[75]  T. &. C. K. Spedding, “Forecasting demand and inventory management using Bayesian time 
series,” Integrated Manufacturing Systems, vol. 11, pp. 331-339, 2000.  

[76]  I. &. G. A. Jackson, “Combining LSTM Artificial Recurrent Neural Networks and Fractal 
Analysis for Inventory Dynamics Prediction,” in Reliability and Statistics in Transportation 
and Communication. RelStat 2019.Lecture Notes in Networks and Systems, vol117, Springer, 
2020.  

[77]  Deloitte, “Thriving in the era of pervasive AI. Deloitte's State of AI in the enterprise, 3rd 
Edition,” 2020. 

[78]  World Manufacturing Foundation, THE 2020 WORLD MANUFACTURING REPORT 
MANUFACTURING IN THE AGE OF ARTIFICIAL INTELLIGENCE, 2020.  



Towards AI powered manufacturing services, processes, and products in an edge-to-cloud-knowlEdge 
continuum for humans [in-the-loop]  – www.knowlEdge-project.eu 

 
 

 
D2.3 Market Radar and Technology Adaptations (Initial) - Vs: 1.8 - Public 74 / 75 

[79]  Deloitte and the Manufacturing Institute, 2018 Deloitte and The Manufacturing Institute 
skills gap and future of work study, 2018.  

[80]  industrytoday.com, “Five Challenges of Implementing AI in Manufacturing,” 17 September 
2020. [Online]. Available: https://industrytoday.com/five-challenges-of-implementing-ai-in-
manufacturing/. 

[81]  S. Ratcliffe, Roy Amara 1925–2007, American futurologist, Oxford University Press., 2016.  
[82]  PwC, “21st CEO Survey: The Anxious Optimist in the Corner Office,” 2018. 
[83]  EY, “Global Forensic Data Analytics Survey 2018.,” 2018. 
[84]  Mckinsey, “Global survey: The state of AI in 2020,” McKinsey Digital, 2020. 
[85]  European Commission, “Proposal for a Regulation laying down harmonised rules on 

artificial intelligence,” 2021. [Online]. Available: 
https://legalinstruments.oecd.org/en/instruments/OECD-LEGAL-0449#mainText. 

[86]  C. A. B. C. S. A. M.-S. U. G.-G. D. Cortés U., “To Be fAIr or Not to Be: Using AI for the 
Good of Citizens,” IEEE Technology and Society Magazine, vol. 40, no. 1, pp. 55-70, 2021.  

[87]  H.-L. E. Group, “Ethics guidelines for trustworthy AI,” 8 April 2019. [Online]. Available: 
https://digital-strategy.ec.europa.eu/en/library/ethics-guidelines-trustworthy-ai. 

[88]  HLEG, “Assesment List for Trustworthy AI,” [Online]. Available: https://digital-
strategy.ec.europa.eu/en/library/assessment-list-trustworthy-artificial-intelligence-altai-self-
assessment. 

[89]  Algorithm Watch, “AI Ethics Guidelines Global Inventory,” 2019. [Online]. Available: 
https://inventory.algorithmwatch.org. 

[90]  IEEE, “Ethically Aligned Design,” 2019. [Online]. Available: 
https://standards.ieee.org/content/dam/ieee-
standards/standards/web/documents/other/ead1e.pdf?utm_medium=undefined&utm_source=
undefined&utm_campaign=undefined&utm_content=undefined&utm_term=undefined. 

[91]  OECD, “Recommendation of the Council on Artificial Intelligence,” 22 5 2019. [Online]. 
Available: https://legalinstruments.oecd.org/en/instruments/OECD-LEGAL-0449. 

[92]  AI4EU, “A European AI On Demand Platform and Ecosystem,” [Online]. Available: 
https://www.ai4eu.eu. 

[93]  European Commission, “A European AI On Demand Platform and Ecosystem,” 2019. 
[Online]. Available: https://cordis.europa.eu/project/id/825619. 

[94]  Autodesk. [Online]. Available: https://www.autodesk.com. 
[95]  L'Oréal, “How Beauty Tech is inventing the future of beauty,” [Online]. Available: 

https://www.loreal-finance.com/en/annual-report-2020/technology-4-5-0/how-beauty-tech-
is-inventing-the-future-of-beauty-4-5-3/. 

[96]  The Economist, “How Germany’s Otto uses artificial intelligence,” 15 April 2017. [Online]. 
Available: https://www.economist.com/business/2017/04/12/how-germanys-otto-uses-
artificial-intelligence. 

[97]  Ocado Group, “Technology Pioneers,” [Online]. Available: 
https://www.ocadogroup.com/technology/technology-pioneers. 

[98]  Valerann, “Making Roads Smart,” [Online]. Available: 
https://www.valerann.com/technology. 



Towards AI powered manufacturing services, processes, and products in an edge-to-cloud-knowlEdge 
continuum for humans [in-the-loop]  – www.knowlEdge-project.eu 

 
 

 
D2.3 Market Radar and Technology Adaptations (Initial) - Vs: 1.8 - Public 75 / 75 

[99]  K. Pittman, “FANUC’s Zero Down Time Application wins General Motors’ Inaugural 
Innovation Award,” 2016. [Online]. Available: https://www.engineering.com/story/fanucs-
zero-down-time-application-wins-general-motors-inaugural-innovation-award. 

 
 



 

 

www. knowlEdge-project.eu 



 

Towards AI powered manufacturing services, processes, and 
products in an edge-to-cloud-knowlEdge continuum for 

humans [in-the-loop] 

 
 

 WP2: System Engineering, Specification and External 
Collaboration 

EU ID: D2.3 Market Radar and Technology 
Adaptations (Updated) 

v2.7 

Deliverable Lead and Editor: Cristian Barrué, UPC 

Contributing Partners: BSC,CERTH,WWU 

Date: 2022-06 

Dissemination: Public 

Status: For EU Approval 

   

Grant Agreement: 
957331 

Abstract 
The purpose of this knowlEdge deliverable, D2.3 “Market Radar and 
Technology Adaptations (Initial)”, is to describe the evolving landscape 
of AI technologies related with the industry and manufacturing sector. 



Towards AI powered manufacturing services, processes, and products in an edge-to-cloud-knowlEdge 
continuum for humans [in-the-loop]  – www.knowlEdge-project.eu 

  
D2.3 Market Radar and Technology Adaptations (Updated): Vs: 2.7 - Public II / VI 
 

 

Document Status 
Deliverable Lead 
 

Cristian Barrué, UPC 

Internal Reviewer 
1 

Fabian Berns, WWU 

Internal Reviewer 
2 

Stefan Walter, VTT 

Type 
 

Deliverable 

Work Package  
 

WP2: System Engineering, Specification and External Collaboration 

ID  
 

D2.3 Market Radar and Technology Adaptations (Initial)v: 2.7 

Due Date 
(Original) 
 

2022-06 

Delivery Date 
 

2022-06 

Status 
 

V.2.7: Final 
 

 

History 
See Annex B. 

Status 
This deliverable is subject to final acceptance by the European Commission. 

Further Information 
www.knowlEdge-project.eu and mailto:info@knowlEdge-project.eu  

Disclaimer 
The views represented in this document only reflect the views of the authors and not the views of 
the European Union. The European Union is not liable for any use that may be made of the 
information contained in this document. 
Furthermore, the information is provided “as is” and no guarantee or warranty is given that the 
information is fit for any particular purpose. The user of the information uses it at its sole risk and 
liability. 



Towards AI powered manufacturing services, processes, and products in an edge-to-cloud-knowlEdge 
continuum for humans [in-the-loop]  – www.knowlEdge-project.eu 

  
D2.3 Market Radar and Technology Adaptations (Updated): Vs: 2.7 - Public III / VI 
 

Project Partners: 
For full details of partners go to www.knowlEdge-project.eu/partners  

  

 

          

 
                      

 

 
 

 

 

   

 
                           

 

 

   

    

 

 
 

       
 

           

   

   



Towards AI powered manufacturing services, processes, and products in an edge-to-cloud-knowlEdge 
continuum for humans [in-the-loop]  – www.knowlEdge-project.eu 

  
D2.3 Market Radar and Technology Adaptations (Updated): Vs: 2.7 - Public IV / VI 
 

Executive Summary 
The aim of this report is to present an overview of the landscape of AI applied to industry and 
manufacturing, drawing on existing reports from industry and public administration,  as well as from 
scientific publications. In this preliminary version, which will be revised and extended in two future 
versions during the life of the project, we provide a harmonised view of the most common 
applications of AI in manufacturing industry, the different techniques used, the main barriers to AI 
adoption, the stakes of the different European governments regarding the digitisation of 
manufacturing industry and the different ethical aspects to be considered in order to implement 
reliable AI. We also report on the different activities carried out within AI4EU with respect to 
manufacturing that KnowlEdge can benefit from, potential avenues of collaboration and related 
projects that will contribute to the implementation of AI in the manufacturing sector.  
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0 Introduction 

0.1 knowlEdge Project Overview 
KnowlEdge is a project funded by the H2020 Framework Programme of the European Commission 
under Grant Agreement 957331 and conducted from January 2021 until December 2023. The 
knowlEdge consortium consists of 12 partners from 7 EU countries, and its solution will be tested 
and evaluated in 3 manufacturing sectors with a total budget of circa 6M€. Further information can 
be found at www.knowlEdge-project.eu 
AI is one of the biggest mega-trends towards the 4th industrial revolution. While these technologies 
promise business sustainability and product/process quality, it seems that the ever-changing market 
demands and the lack of skilled humans, in combination with the complexity of technologies, raise 
an urgent need for new suggestions. Suggestions that will be agile, reusable, distributed, scalable, 
accountable, secure, standardized and collaborative.  
To break the entry barriers for these technologies and unleash their potential, the knowlEdge project 
will develop a new generation of AI methods, systems and data management infrastructure. This 
framework will provide means for the secure management of distributed data and the computational 
infrastructure to execute the needed analytic algorithms and redistribute the knowledge towards a 
knowledge exchange society. To do so, knowlEdge proposes 6 major innovations in the areas of data 
management, data analytics and knowledge management: (i) A set of AI services that allow the usage 
of edge deployments as computational and live data infrastructure, an edge continuous learning 
execution pipeline; (ii) A digital twin of the shop-floor to test the AI models; (iii) A data management 
framework deployed from the edge to the cloud ensuring data quality, privacy and confidentiality, 
building a data safe fog continuum; (iv) Human-AI Collaboration and Domain Knowledge Fusion 
tools for domain experts to inject their experience into the system to trigger an automatic discovery 
of knowledge that allows the system to adapt automatically to system changes; (v) A set of 
standardization mechanisms for the exchange of trained AI-models from one context to another; (vi) 
A knowledge marketplace platform to distribute and interchange AI trained models. 

0.2 Deliverable Purpose and Scope 
 
This deliverable will document the results of task T2.3 Market Radar and Technology Adaptations, 
which mainly aims to explore the evolving scene of AI technologies related with industry and 
manufacturing while establishing collaborations bridges with the AI4EU community. This report 
offers a complete overview of the trends identified by the major relevant industry leads and public 
policymakers. For the different sections we collected relevant reports and articles that support 
portraying the current technology landscape in the manufacturing sector, the challenges and existing 
use cases. The scope of the report until its last version at the end of the project lifetime covers the 
overview of the AI deployment in the manufacturing sector and related technologies. We will also 
identify the different European policy approaches for AI and manufacturing as well as the ethical and 
legal dimensions involved. Some of these dimensions will be added as the report progresses. Finally, 
we report on the updated AI4EU outcomes in the industry sector, existing assets and potential 
synergies. 
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0.3 Target Audience 
The D2.3 aims primarily at a general public audience related to the manufacturing sector. Basically, 
both the industry manufacturers and the AI scientists involved in manufacturing industry problem 
solving across Europe. 

0.4 Deliverable Context 
This report is based on the project procedures as defined within the knowlEdge Description of 
Action and Consortium Agreement and where necessary extends them in the operational aspects. 
However, it is subservient to those documents. 
It is one of the cornerstones for achieving the project results, identified as follows: 

• D2.3 Market Radar and Technology Adaptations [Initial/Updated/Final] (OTHER, PU, 
[M6/18/30]): this report describes the evolving landscape of AI technologies related with the 
industry and manufacturing sector 

0.5 Document Status  
This document is in its updated version, from the 3 versions planned during the project lifetime. 

0.6 Document Dependencies 
This document has a preceding version and one more iteration is expected at month 30 of the 
project. 

0.7 Glossary and Abbreviations  
A definition of common terms related to knowlEdge, as well as a list of abbreviations, is available 
at www.knowlEdge-project.eu/glossary 

0.8 External Annexes and Supporting Documents 
None 

0.9 Reading Notes 
None 

0.10 Document Updates 
The second version of this report has updated the global figures, introduced the industry 5.0 concept, 
updated the education figures, performed a deeper analysis of the academy trends in the last year, 
updated the trends driven by the other ICT38 projects including their use cases and intensified the 
work to integrate with AI4EU community.  



Towards AI powered manufacturing services, processes, and products in an edge-to-cloud-knowlEdge 
continuum for humans [in-the-loop]  – www.knowlEdge-project.eu 

 
 

 
D2.3 Market Radar and Technology Adaptations (Updated) - Vs: 2.7 - Public 3 / 86 

1 Industry 4.0 and AI 
 
Artificial Intelligence (AI) is a technology that emerges as a decisive factor of change and promises 
a true automation of many sectors. AI brings to machines human capabilities like reasoning, learning, 
planning or problem solving allowing complex automated decision making. This is why as this 
technology grows and reaches maturity, new sectors and markets will adopt it in their respective fields 
due to the advantages it brings. 
 
Despite the growing interest in AI in all sectors of society, there is no standard definition for the 
concept of AI. AI has been defined in several approaches in relation to human intelligence, while in 
other cases related to intelligence in general [1] [2] [3] [4] [5]. Many definitions refer to machines 
that behave like humans or are capable of actions that require intelligence. As a sample, we present 
two representative definitions. 
 
On the one hand, the High-Level Expert Group appointed by the European Commission composed 
of 52 representatives of academia, industry, and civil society to support the implementation of the 
European AI Strategy. 
 
 

"Artificial intelligence (AI) systems are software (and possibly also hardware) systems designed by 
humans that, given a complex goal, act in the physical or digital dimension by perceiving their 
environment through data acquisition, interpreting the collected structured or unstructured data, 
reasoning on the knowledge, or processing the information, derived from this data and deciding the best 
action(s) to take to achieve the given goal. AI systems can either use symbolic rules or learn a numeric 
model, and they can also adapt their behaviour by analysing how the environment is affected by their 
previous actions." [6] 

 
 
In 2018, the AI Group of Experts (AIGO) at the Organization for Economic Co-operation and 
Development (OECD) came up with a definition that aimed to be understandable, technology-neutral, 
and merge definitions commonly used in scientific, business and policy communities. 
 
 

"a machine-based systems that are able to infer models and formulate predictions, recommendations, or 
draw decisions, that can in turn influence environment, whether real or virtual, according to objectives 
defined by human." [7] 

 
 
Since its early days in the mid-20th century [8], the frontiers of AI research and applications have 
continued to grow, along with the development of new techniques and the confluence of other 
complementary technologies. Although AI is often referred to as a single technological concept, it is 
composed of several distinct sub-fields that are often interrelated [9]. Examples of these sub-fields 
include natural language processing, computer vision, speech recognition or robotics. AI Watch [10], 
the European Commission knowledge service to monitor the development, uptake and impact of AI 
for Europe, proposes its operational definition of AI and a concise taxonomy to organise its core areas 
and cross-cutting areas such as ethics [11] (see Figure 1). Worth mentioning that these subdomains are 
not disjoint and usually related. In Annex A readers can find AI Watch's population of AI keywords 
in each subdomain. 
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Figure 1 AI domains and subdomains, constituting AI Watch's operational definition of AI [11] 

 
Since the birth of this discipline in the 1960s, the first decades of its career laid the technological 
foundations in laboratories, but the lack of computing power added to the scarcity of data did not 
allow to glimpse convincing results [12]. AI has regained the spotlight in the last decade after a winter 
of pessimism due to a lack of tangible results. With the advent of the internet, the explosion of data 
and high-performance computing, both obstacles were overcome, offering a promising future that we 
already enjoy today in our day-to-day life [13]. Continuous improvements in algorithms and hardware 
and the convergence of complementary technologies, e.g. robotics, sensors, Internet of Things, 
Digital Twin, have paved the way for a new generation of AI systems that require less human 
intervention and promise a new era of automation. In the industrial field, the first automation 
applications with robots and computer vision began a path that now culminates with Industry 4.0 [14] 
(see Figure 2).  
 
The substantial increase in computing power has been one of the transformative factors in the AI 
landscape since the 20th century when it was challenging to pursue machine learning approaches. 
Following Moore's Law [15], the power of microprocessors has doubled every two years, 
dramatically increasing computational capacity today. Advances in algorithmic efficiency have also 
played an important role. According to a study published by OpenAI [16], state-of-the-art algorithms' 
computational efficiency has increased 44 times between 2012 and 2019, improving their energy 
efficiency as well. Finally, the widespread use of broadband internet has contributed to a significant 
increase in the amount of data created and shared. Between 1984 and 2017, internet traffic has 
increased 8.13 billion times [17]. The growing adoption of IoT, with sensors becoming cheaper and 
faster, contributes to an increase in the volume, variety and speed of data exchanged. Between 2004 
and 2018, the average cost of sensors has fallen by 200% [18]. 
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Figure 2 Timeline of Industrial Revolution) [14] 
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The concept of Industry 4.0 (I4.0) was coined in 2011 within an initiative of the German federal 
government with universities and companies. This strategic programme aimed to develop advanced 
production systems with the objective of increasing the productivity and efficiency of the national 
industry [19]. This concept represents a further step in the evolution of manufacturing systems, 
integrating a set of emerging technologies that add value throughout the product lifecycle [20], from 
ideation to distribution to the customer. Industry 4.0 is based on the concept of Smart Manufacturing 
[21], adaptive systems where flexible production lines autonomously adjust production processes of 
various products to a set of changing conditions to increase productivity, quality and efficiency. 
 
The field of manufacturing in particular is undergoing a process of transformation due to its 
digitalisation, and AI has played an instrumental role in this change [22] . The advances in AI in 
recent years have opened up a range of possibilities in industrial automation that have yet to be widely 
exploited. Industrial automation has traditionally been part of manufacturing systems such as 
programmable logic controllers (PLCs) or supervisory control and data acquisition (SCADA) to 
collect sensor data. However, smart manufacturing involves combining and integrating emerging 
advanced technologies such as AI, cloud computing, and Industrial Internet of Things (IIoT) into 
traditional automation systems [14]. 
 
While AI in manufacturing is in infancy stage and current adoption rate at scale in the manufacturing 
sector is low, it is expected to increase in the next decade [23]. Manufacturing companies that fail 
appraising the importance of AI will likely lose competitive edge. 
 
AI can affect companies in two ways: 1) by altering their business environment and facilitating the 
conditions under which they do business (e.g., using AI for marketing and advertising) or 2) by 
altering their business practices and models, enabling them to improve their reach, productivity and 
scalability (e.g., optimizing their logistic or production models using AI) [9]. These two dynamics 
are not mutually exclusive and are related. Advances in ML create new conditions for a fundamental 
change in business since the previous wave of computerisation [24]. Classical knowledge-based 
systems required excessive effort and involvement of experts to define system rules. However, new 
generations of unsupervised algorithms can learn from large volumes of data with unstructured tacit 
knowledge, identifying patterns by emerging expertise in an autonomous way to make predictions, 
recommendations or to automate non-routine tasks that previously required human intervention. The 
main areas of AI application in the industry are automation, computer vision, NLP, machine learning, 
and decision making [9].  
 
AI-empowered automation could free workers from tedious and repetitive low value-added tasks and 
allow them to be redeployed if provided with a new skillset. It can also offer new frontiers of 
workplace safety, detecting machinery failures, reducing human and economic costs related to 
accidents. 
 
New predictive capabilities, associated with large volumes of data and greater algorithmic efficiency, 
allow predictive analytics to perform at a lower cost than classical statistical prediction [25]. These 
predictive tools can help automate business projections such as demand, sales, stock flow, allowing 
companies to manage their business more agile with real-time data. 
Another possible impact of AI on I4.0 is through the changes it can generate in the internal value 
chain, affecting various functions, altering the cost structure and the company's value creation 
process. Supply chain management, logistics, marketing and sales and production, are the business 
areas where AI can significantly impact [26] (see Table 1 for some examples). 
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Table 1 Examples of AI applications in all the business areas [27] 

Business Area AI Application 
Direction, strategy, planning, management Decision support, predictive analytics, business 

projections 
General administration (accounting, finance, 
HR, etc) 

HR analytics, automation of routine tasks 

IT systems and networks increased cybersecurity 
Pre-production (R&D, design, etc) data analytics on customer data, sales, 

production to improve quality, automation of 
research processes, generative design  

Sourcing, procurement and supply chain data analytics on contract management, 
optimization of commodity flow, forecast of 
market fluctuation 

Production and operations optimization of planning, improved quality 
control, predictive maintenance to reduce costs 
and accidents 

Logistics and content delivery automation of warehouses and vehicles, 
increased reliability and integrity of the supply 
chains, smart roads reducing congestion time 
and cost 

Marketing, sales, advertising sales forecasting, targeted advertising, 
automation of customer services (e.g. chatbots) 

 
 
The KnowlEdge project aims to contribute to this revolution by bringing AI to the manufacturing 
sector, helping to make it more secure, efficient and automated. Within this initiative, the objective 
of this work is to offer a holistic vision of the presence of AI in the manufacturing sector, its current 
state, its potential and the trends with greater scope to make it more competitive. For this purpose, 
we will review the AI landscape in manufacturing and first-hand experiences in the implementation 
of this technology in the sector. 
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2 Industry 5.0  
As the Industry 4.0 model has become popular and has begun to be adopted in companies, the concept 
of Industry 5.0 has emerged. Approximately since 2017, different academic works have been 
appearing endorsing the birth of a fifth industrial revolution [28] [29] [30] [31]. In 2021, the European 
Commission has formally declared its interest on the fifth industrial revolution (Industry 5.0), 
following discussions held with actors from academia, industry and funding entities across Europe in 
two virtual workshops organised by the Directorate-General for Research and Innovation on July 2nd 
and 9th of 2020. The fruit of these workshops is the publication of the report "Industry 5.0: Towards 
a Sustainable, Human-centric and Resilient European Industry" on January 4 2021, by the European 
Commission [32]. Moreover, the values steering Industry 5.0 are being fostered in the Horizon Europe 
research programme.  
The techno-economic vision of Industry 4.0 takes advantage of the transformative impact of 
digitalisation to seek new avenues of innovation that improve its efficiency and make it more resilient 
to changes in the world and the economy, as the pandemic has shown us [33]. On the other hand, this 
transformative character can also bring social changes. Industrial workers may see their roles 
modified or even threatened. Changes in roles may require new skills to manage complex 
technologies, impacting the job life cycle of training, work and retirement. Increased automation can 
undermine the social role of industry as an employer and an engine of prosperity. This reflection is 
what guides the sprouting of Industry 5.0. 
Industry 5.0 is understood as the movement that recognises the power of companies to achieve social 
objectives beyond employment and economic growth, to become sustainable suppliers of prosperity, 
making production respect the limits of our planet and place the well-being of workers at the centre 
of the production process [32] [34]. While Industry 4.0 focuses on digitalisation and implementing 
AI-based technologies to improve the efficiency and flexibility of production, Industry 5.0 (I5.0) aims 
to recover the principles of social justice and sustainability. Thus, the concept of I5.0 shifts the focus 
of attention and highlights the importance of research and innovation that supports the industry in its 
long-term service to humanity while respecting the environment. 
Compared to I4.0 and its predecessors, I5.0 is not a chronological continuation or alternative to the 
paradigm. It results from a long-term reflection to frame European industry with social trends and 
needs. As such, the ideas of I5.0 complement and extend those of I4.0, adding social and 
environmental dimensions. 
The transition to I5.0 is the result of the European Commission's consensus on the need to integrate 
social and environmental priorities into technological innovation and shift the focus from targeted 
technologies to a more systemic vision. With the recognition that technological advances transform 
how we create, exchange and distribute value, there is a growing need for these technologies to 
support future social values. This fact invites the industry to rethink its position and role in society 
[35]. In addition, European political priorities have significantly influenced its conceptualisation. The 
Green Deal advocates a transition to a more circular and sustainable economy. The COVID-19 crisis 
has highlighted the vulnerability of global supply chains and has highlighted the need to reformulate 
work processes, which must be more resilient, sustainable and human-centred.  
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2.1 Core Values 
The core values of I5.0 are sustainability, human-centricity and resilience (see Figure 3); human-
centricity benefiting the worker, while resilience and sustainability having a more significant impact 
on the industry. 

   
Figure 3 Core Values of Industry 5.0 

 
Human-centric approach 
One of the most relevant points of the I5.0 is the change of focus from progress based on technologies 
to a more human-centred approach, considering social restrictions and aiming not to leave anyone 
behind. In this new vision, the worker ceases to be a cost to become an investment of the company, 
so that the employer is interested in investing in the skills, abilities and well-being of the worker to 
achieve their objectives. This worker-centred vision implies that technologies must be developed and 
adapted to the needs and diversity of workers and not the workers who must constantly adapt to new 
technologies. This step means that workers are part of the design process of these new technologies. 
Workers can also benefit through the technologies of a safer and more inclusive work environment, 
delegating risky or repetitive tasks to robots or AI-based technologies. Using exoskeletons or mobile 
robots can also open the market to women in environments where physical strength previously limited 
opportunities to men. 
Workers' skills are another essential dimension in I5.0, as they must advance as fast as technology. 
Companies are struggling to find qualified personnel to push for the adoption of I4.0, while young 
people do not feel prepared with the skills kit necessary to face the labour market. The development 
of more intuitive and friendly technologies would allow workers to need fewer skills to use them 
without neglecting an adequate policy of re-training of workers parallel to the development of 
technologies, to maintain the balance of needs. 
 
 
 
 
 

Industry 
5.0

Human-
Centric

SustainableResilient
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Sustainability 
 
The concept of Industry 5.0 promotes the economic performance of industries respecting the needs 
and interests of workers, as well as ensuring environmental sustainability. This approach is not only 
interesting for entrepreneurs but also for consumers of their products and potential investors attracted 
by the company's values. 
Energy-intensive industries are integrated into many strategic value chains and account for 8% of EU 
emissions. Fluctuations in energy prices and the desired climate neutrality significantly affect 
operating costs. That is why energy technologies play a decisive role in reducing costs and the 
resilience of companies, accompanied by a modernised policy framework that facilitates the energy 
transition and allows energy-intensive industries to remain competitive globally. This includes ICT 
operators, representing 1% of the energy consumption, who have maintained a flat consumption in 
recent years despite the increase in demand for data traffic, thanks to the renovation of the facilities 
for more efficient ones and innovations in their processes. Resource efficiency means doing more 
with less and optimising production with respect to the resources consumed. This involves 
considering the life cycle of products, including their end of life. 
 
Resilience 
 
Resilience is understood as the ability to successfully cope with change flexibly. Recently, we have 
witnessed many changes that have been a real challenge for the productive fabric, from geopolitical 
changes (e.g. Brexit, Ukraine war) to natural emergencies (e.g.  COVID19 pandemic, climate 
change). These situations, and the consequences they had on supply chains, have taught us that the 
future industry must be able to cope with these sudden changes to ensure its role as an engine of 
sustainable prosperity. The technological innovation of I4.0 has focused on improving production 
processes and increasing their performance and profit, sometimes at the cost of resilience. Lower-
cost value chains are often more fragile and vulnerable to sudden changes. Dedicating some of the 
technological innovation to resilience can help understand and explore the industry's risks at the local, 
regional and global levels and identify vulnerabilities at different levels, from the shop floor to the 
supply chain.  
Modular production lines, teleoperated factories, the use of new materials (including recycled ones) 
or the balance between the commitment to digitalisation and the control of risks that this entails 
(explainability of AI or resilience to cyberattacks) are approaches that can help improve the industry 
resilience. 
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3 AI adoption in the manufacturing sector 
 
The adoption of AI and its impact on different sectors has reached a turning point in 2022. The global 
adoption rate is growing steadily and now stands at 35%, up 4 points from last year according to IBM 
Global Adoption Index [36]. AI is offering new opportunities and efficiency gains to organisations 
worldwide through new automation options and a wider variety of proven use cases. 
The spirit of the smart enterprise is to guide the business process with data and analytics. I4.0 will 
affect a wide range of sectors to increase productivity. According to Deloitte [37], the manufacturing 
sector will be one of the fastest-growing sectors in the global AI market in the coming years (see 
Figure 4), accelerating the digital transformation of production, management and logistics. 
 

 
Figure 4 Global AI market size (by industry) in 10 bilion US dollars. Source: [37] 

According to 2019 Deloitte's survey on AI adoption in manufacturing sector, 93% of the surveyed 
companies agreed that AI will be the key for growth and innovation in the sector [37]. Moreover, 
87% of the companies declared having adopted or planning to adopt AI within two years. From the 
adopters, 18% have already perceived results, 34% were at piloting stages, 35% planned to deploy 
while 13% did not had plans to invest in AI. 
In recent times, global catastrophes such as the COVID19 pandemic or the war in Ukraine have led 
to unprecedented supply chain disruptions that will continue in the future. This fact has raised 
awareness of the strategic importance of supply chains and the need for them to be flexible, robust 
and sustainable, accelerating the pace of digital transformation. The industry is realising that 
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investment in innovation and key technologies such as AI can improve operations' efficiency, 
transparency and resilience. 
MHI and Deloitte Consulting surveyed for their 2022 report more than 1.000 supply chain and 
manufacturing leaders to learn how are they adopting digital technologies to become more resilient 
[38]. All the technologies surveyed are expected to reach an adoption rate of 66% or higher in the 
next five years (see Figure 5). AI is expected to see the most accelerated growth rising from 15% to 
73% over the next five years.  
 

 
Figure 5 MHI survey results on digital technologies adoption in 2022 

 
When surveyed about the impact of the digital technologies to potentially disrupt the industry or 
create competitive advantage, AI and other AI-related technologies like robotics, autonomous 
vehicles or predictive analytics top the ranks [38]. 
 

 
Figure 6 MHI survey result on impact of technologies 
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This growth is not without its challenges. An Accenture survey of 931 senior business executives 
across 12 industries and 21 regions reveals that nearly all want to implement digital technologies to 
improve the efficiency of their operations. However, only 13% of executives felt confident in 
achieving this goal, and 64% believed that failing to implement these improvements through digital 
technologies would mean their business would struggle to survive within a short three-year period 
[39] [40].  
 
The power of Data 
Data is a fundamental pillar for the implementation of AI. With the introduction of I4.0, the 
deployment of IIoT and the digitisation of companies, the manufacturing sector is leading the way in 
generating volumes of data [39]. An enormous amount of data has been generated in recent years 
during manufacturing processes, considering demand, production, quality control, distribution and 
logistics sources. For a factory with an average of 500 sensors taking data every 5 seconds, we have 
a volume of 360000 readings per hour, millions per day. It is estimated that the sector generates 1812 
petabytes of data per year, far exceeding other sectors (see Figure 7). This abundance of data provides 
very favourable conditions for training ML algorithms to detect patterns, anomalies or predict the 
durability of machinery. 
 

 
Figure 7 Annual data by industry. Source: Deloitte Research 

Potential by Country 
 
A Capgemini survey of over 300 large manufacturing companies revealed that Europe leads all major 
manufacturing countries in implementing AI solutions in their operations [41]. Of the cohort 
surveyed, more than half of European companies (51%) are implementing AI solutions, with Japan 
(30%) and the US (28%) in second and third place. In Europe, Germany leads the implementation 
ranking (69%), followed by France (47%) and the UK (33%). The conviction of AI's potential, 
coupled with the proper institutional support, will be potential catalysts for manufacturing companies 
to adopt AI in their operations. However, trends can change in the future (see Figure 8), a PwC forecast 
on GDP impact in AI by country, shows that China is expected to experience a GDP impact of $2.5 
trillion, the largest absolute gain, due to the size of the country's manufacturing industry and the 
significant investment that China is making on AI [23]. 
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Figure 8 GDP impact from AI in 2030 by industry, region and channel of impact (% of GDP) 

According to IBM's Global AI Adoption Index report [36], the level of global industry adoption varies 
across companies, geographies and industries. Large companies are twice as likely to have adopted 
AI as part of their operations, while smaller companies tend to be either exploring its possibilities or 
not directly interested in AI. Chinese and Indian companies lead the way, with 60% of their IT 
professionals admitting to using AI, a dramatically higher ratio than other countries (see Figure 9). 
Adoption is projected to rise, with 53% of IT professionals recognising to accelerate the rollout of AI 
technologies in the last 24 months, up from 43% in 2021 as part of the response to the COVID-19 
crisis. 
 

 
Figure 9 AI adoption rates around the world. Source: [36] 
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Potential by application 
A PwC survey over 1100 executives of global manufacturing companies reported where AI 
capabilities are being implemented [42]. Although AI has been deployed throughout fundamental 
parts of the business, companies have slightly focused on the core production processes (see Figure 
10). 
 

 
Figure 10 AI implementation in manufacturing functions. Source: PwC 

 
Global Race for Innovation 
A study by the European Patent Office looks at International Patent Families related to I4.0 between 
2000 and 2018 [43]. The study records patents of high inventive value registered in at least two global 
offices (IPFs) related to I4.0. In 2018 alone, more than 40000 IPFs were registered, representing 10% 
of all patent activity for the year. Patents related to data exploitation represent 11000 IPFs in 2018 
and an increase of 22.5% compared to 2010.  Next figure a depicts the evolution of IPFs related to 
I4.0 compared to the rest of the technologies. 

 

 
Figure 11 Global Growth of IPFs in the I4.0 technologies vs all technology fields, 2000-2018 

 
Observing the origin of patents (see Figure 12), the study confirms that the US remains the world leader 
with one-third of patents, compared to Europe and Japan with one fifth. On the other hand, China and 
Korea, starting from shallow levels in 2010, have seen a remarkable increase in recent years. China, 
in particular, had reached similar levels to Europe and Japan in 2018. 
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Figure 12 Growth of IPFs in 4IR technologies by global innovation centres, 2000-2018 

 
Patent offices in different regions of the world treat computer-implemented inventions differently. In 
the EU, software-related inventions can be patented as long as they are clearly technical in nature. 
Although abstract machine learning algorithms are not patentable as such, patents can be granted for 
their application to solve a technical problem in a field of technology (for example, the detection of 
errors in metal sheets) or when adapted to a specific technical implementation (e.g., neural networks 
for graphics processing unit (GPU)). 
 

 
Figure 13 Global growth of IPFs in enabling technology fields, 2000-2018 

 
According to EPO, innovation in I4.0 enabling technologies, including data management and core 
AI, has increased by 356% since 2010 (Figure 13). Data management technologies, pivotal in 
extracting value from massive amounts of data collected by IIoT and a critical catalyst for the 
deployment of I4.0, have led to much growth in this specific context. Core AI technologies show a 
striking increase, with an average annual growth rate of 54.6% since 2010, albeit with relatively low 
absolute numbers of IPFs so far [43]. 
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EPO breaks down data management into four categories: monitoring (capturing data typically from 
IIoT), analytics and diagnosis, planning and control and prediction and forecasting. Figure 14 shows 
the global trends in all categories between 2000 and 2018. 
 

 
Figure 14 Global growth of IPFs in data management technologies, 2000-2018 

 
Skill Proficiency 
 
The Coursera Global Index [44] [45] assesses over 65 million students and indicates their proficiency 
across 11 critical skill sets in 60 countries and across 10 industries. These annual reports presents a 
snapshot for each region, country and industry for their skillsets compared to their peers and classifies 
them as "Cutting Edge" (score 0.76 to 1.0), "Competitive" (0.51 to 0.75), "Emerging" (0.26 to 0.50) 
and "Lagging" (0.0 to 0.25). These measures are particularly relevant in the I4.0 revolution, where 
regions and industries need to understand, develop and deploy specialised talent to ensure long-term 
employment and competitiveness. In the following image, it can be seen the global radiograph 
regarding proficiency in the data science skillset (2020).  
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Figure 15 Global data science skill proficiency 

 
Figure 16 Europe's Skill Report 2021 [45] 

According to the 2021 report [45], Europe strongly enters the post-COVID economic recovery in 
terms of skills. Nine out of ten countries at the top of the overall ranking are in Europe. These results 
are mainly explained by the high technology and data science scores compared to other regions. It 
can be observed in Figure 16 the high competence in most countries of the union in data science: 31 of 
35 countries in the region are in the global top half of technology while 32 of 35 are in skills related 
to data science. Despite this, Europe still faces a shortage of skilled workforce in key digital skills. 
70% of businesses in the region declare that the lack of talent in digital skills is a problem for 
investment [46]. Europe has approximately half of the talent pool in data science compared to the 
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USA; with the addition that retaining this talent is a challenge, companies are losing talent outside 
the continent. In addition, much of the AI talent that enters Europe does so in the United Kingdom, 
revealing the competitiveness to get that talent on European soil [47].   
In the race for automation, Europe is in the lead with 106 industrial robots per 10,000 workers in the 
manufacturing sector, with five countries in the global top 10 [48]. 
According to the report, to emerge strongly from the economic crisis, certain priorities such as 
investment in capabilities related to digital transformation in IoT and innovation in the manufacturing 
sector should be addressed [45]. 
If we focus on Data Science, Northern and Western Europe lead the rankings. Eight out of 10 
countries in the global top are in these regions. The data economy's value in the EU27 is projected to 
increase by €550 billion by 2025, representing 4% of eurozone GDP. The region is a global leader in 
Machine Learning, with Finland in the lead (see Figure 17). This responds to the Finnish government's 
commitment to AI education. 
 

 

 
Figure 17 Europe's Data Science Skills 2021 [45] 
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Table 2 Europe's trending rank of skills per skillset cluster (2021) 

BUSINESS TECHNOLOGY DATA SCIENCE 
Strategy and Operations 
Microsoft Excel 
Project Management 
Marketing 
Digital Marketing 
Finance 
Data Analysis 
Leadership and Management 
Blockchain 
Human Resources 

Theoretical Computer 
Science 
C Programming 
Programming Principles 
Design and Product 
JavaScript 
Computational Thinking 
Mathematics 
User Experience 
MATLAB 
HTML 

Python Programming 
Statistical Machine Learning 
Probability & Statistics 
Machine Learning 
Machine Learning Algorithms 
Applied Machine Learning 
Data Management 
Econometrics 
SQL 
Probability Distribution 

 
Europe dominates the rankings in all three domains related to I4.0. The 15 best-skilled countries 
globally are in Europe, with Switzerland, Finland and Russia topping the rankings. This trend is 
supported by EU policy, its flagship programme for education and exchange Erasmus+ prioritises 
digital skills, and it shows in the results. 
 
 

Table 3 Overall skill proficiency ranking per industry (2020) 

BUSINESS TECHNOLOGY DATA SCIENCE 
Manufacturing  
Professional Services  
Telecommunications  
Technology  
Healthcare  
Finance  
Insurance  
Automotive  
Consumer Goods  
Media & Entertainment 

Technology 
Media & Entertainment 
Finance 
Professional Services 
Manufacturing 
Consumer Goods 
Automotive 
Telecommunications 
Healthcare 
Insurance 

Technology 
Finance 
Automotive 
Telecommunications 
Media & Entertainment 
Professional Services 
Healthcare 
Manufacturing 
Consumer Goods 
Insurance 

 
 
The Coursera Global Index [44] also ranks the different industries related to their preparedness in the 
three skill pillars (see Table 3). The manufacturing sector excels in its business and technology 
readiness compared to other industries, while it lags behind in data science at #8 out of 10 industries. 
As the different processes in the sector become more automated and intelligent, skills such as 
predictive analytics, data visualisation, and forecasting become a trend (see Table 4). In the table we 
can see the most trending skills in the manufacturing sector for the different areas. 
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Table 4 Manufacturing sector rank of trending skills per skillset cluster 

BUSINESS TECHNOLOGY DATA SCIENCE 
Microsoft Excel  
Project Management  
Digital Marketing  
Supply Chain 
Technology Strategy 

Artificial Intelligence 
Internet of Things 
Algorithms 
Agile Software 
Development 
Javascript 

Python  
Data Storytelling  
Deep Learning 
SQL  
MATLAB 
 

 
As technology advances, the workforce must adapt its skill proficiencies to the changes in its sector.  
The sector must modernise its workers to adopt the changes required to deploy the I4.0 in an effective 
and scalable way. The World Economic Forum identifies seven skills clusters that will shape the 
future of the labour market, including AI and data, projecting 6.1 million new jobs over the next three 
years [49]. Companies with highly skilled talent, especially in digital skills, see their stock 
performance increased [44]. 
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4 AI in manufacturing sector by applications: Supply Chain 

4.0 
Supply chain management (SCM) is a vast process, whose definition and reference models have 
evolved over the years [50] [51]. It is commonly recognised as a collection of different business 
functions (e.g., raw materials procurement and management, production, logistics, marketing) in a 
manufacturing company working together to improve the flow of products, information, and finances. 
Referring directly to the name, it can be said that the chain is a combination of its individual links in 
the process of delivering products (material and services) to the market. 
 
A properly organised and analysed real-time supply chain is currently one of the most effective 
methods of gaining a competitive advantage, cost optimisation and improving key financial indicators 
[52]. However, the implementation of such a scenario requires reorganising the process itself and the 
use of advanced IT tools that enable ongoing control of the supply chain and facilitate its further 
optimisation. 

 
Figure 18 Supply Chain 4.0. Source: McKinsey [53] 

 
 
The reorganisation of supply chains through the use of I4.0 advanced technologies, such as the 
Industrial Internet of Things, Artificial Intelligence and Big Data and autonomous robotics, is 
transforming the supply chain management model from a linear one, in which instructions flow from 
supplier to producer, to distributor, to consumer and vice versa, to a more integrated model in which 
information flows omni-directionally in the supply chain. While e-commerce integrates many of these 
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techniques, they also promise to improve the efficiency of physical shops. These technologies 
generate huge benefits by reducing costs, making production more responsive to consumer demand, 
boosting employment (in the sectors of the supply chain where these technologies are most likely to 
be applied) and saving consumers time [54]. Supply Chain 4.0 is born. According to a Deloitte report 
[37] analysing the AI adoption rate in the supply chain among manufacturing companies over the 
following years, areas of the supply chain such as logistic services, demand management, forecasting, 
and inventory management will increasingly implement AI techniques. 
 
AI's ability to analyse vast volumes of data, understand relationships, provide visibility into 
operations, and support better decision making can help automate many laborious tasks and allow the 
companies to achieve their goals. For example, in the case of demand management and forecasting, 
it guarantees the availability of the right products at the right time. Based on parameters such as time 
spent on a given page, frequency of searching for a given word or recently purchased products, it is 
possible to create links, patterns, and deviations from the norm to determine the potential customer 
behaviour - on this basis, the system sends information about the need to increase the supply of 
products. Logistics services are improved by analysing data obtained from sensors located in 
intelligent machines and vehicles, enabling the timely delivery of undamaged goods. Another 
challenge of AI in the supply chain is providing automated customer service solutions. According to 
the Walker Research [55], customer expectations and the shopping experience will become a more 
important criterion for client decision-making than price. Therefore, organisations combine natural 
language processing methods with statistical data on consumer purchases to precisely profile each 
client and create an offer ideally suited to his needs.  
Although many AI techniques can be applied to such a broad field as SCM, some works report that 
specific techniques are used more than others [56]. A significant portion of the articles analysed in 
this report are concerned with Artificial Neural Networks (ANN), Fuzzy Models and Genetic 
Algorithms (GN).  ANNs, due to their capability of solving data-intensive problems and impressive 
versatility, are used for sales forecasting, marketing Decision Support systems, pricing and customer 
segmentation to production forecasting, supplier selection, demand management or consumption 
forecasting. The following sections will dive into the application of AI in different points of the SMC. 
 

 

4.1 Logistics optimization 
In the manufacturing sector, logistics plays the role of managing the flow of products and components 
between different locations, internal or external. A global network of suppliers and customers 
complicates logistics operations that can benefit from AI application in different ways and with 
different approaches, from heuristics and planning, multiagent systems and decision support systems, 
to deep learning and robotics [57].  Accenture reports that 62% of freight&logistics companies have 
adopted or are currently piloting AI [58], leveraging different solutions that help facing common 
logistics problems like increasing fuel costs (e.g. poor route optimization, traffic or road 
maintenances), empty truck miles (improper forecasting of supply/demand can end up in trucks not 
fully loaded), fleet maintenance (truck unexpected downtimes due to bad maintenance planning).   
 
Planning: Logistics requires a high degree of planning for coordinating suppliers and customers, and 
different units within the company. Planning is critical in many phases of logistics: internal/external 
transport consolidation and routing, warehouse organisation, pick and pack strategies or the use of 
loading gates and staging. For example, in daily truck planning, the expert must manage loading lists 
that need to be assigned in a specific sequence to a list of trucks. Each load and truck has slight but 
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relevant variations in weight, volume, temperature, door type that affect the decision. Thus, there is 
a long list of known variables that influence the fleet planning for each day. 
Planning is one of the main areas of AI and has many success cases for solving known complexity: 
modest volume of data, structured information, clear objectives. AI planning techniques improve on 
classical human planning by exploring the decision space more quickly and efficiently. 
 
Automated warehousing: according to the MHI Deloitte report [59] the most prominent uses of 
robotics and automation revolve around warehouse logistics: picking/packing/ordering orders (42%), 
loading/unloading/stacking (34%) and moving materials/products within the facility (30%). The 
warehouse logistics robots’ market was valued at $2.28 billion in 2016 and was expected to grow at 
a CAGR of 11.8% between 2017 and 2022 [60]. Although the e-commerce sector leads automated 
warehousing adoption, it is gradually being adopted by the manufacturing sector. 
Modern sensors combined with state-of-the-art machine learning techniques enable a very high level 
of automation that can flexibly adapt to changes in the environment. Most automation processes 
involve recognising objects and the mechatronics required to pick them up/move them. With the 
introduction of deep learning, the description of objects is learned automatically by the algorithms, 
as well as the recognition of obstacles or humans in the factory. DL-based AI systems can 
unambiguously classify previously unseen images, locate known objects autonomously, and adapt to 
new situations, e.g. by using transfer learning techniques [61] [62]. In this warehouse automation 
spectrum, damage inspection also plays a relevant role; robots can detect damaged packages that are 
not compliant with quality standards and proceed with the planned measures. 
 
Autonomous vehicles:  One of the AI applications attracting the most attention in recent years is 
autonomous vehicles, although there is still some time to go before they can be seen on the road due 
to technological and regulatory challenges. Currently, 25 countries are working on autonomous 
vehicle designs, and estimations say that 8 million autonomous vehicles will be delivered by 2025. 
Autonomous vehicles as a whole use AI for real-time decision making, from sensing the environment 
through sensors (e.g. signs, road, obstacles), to localisation, trajectory calculation and vehicle control. 
The spectrum of automation can vary between vehicles, from assisted driving to full automation. 
Autonomous vehicles have the potential to transform logistics by reducing dependence on human 
driving. Techniques such as platooning that use swarm intelligence to coordinate fleets can improve 
safety, be more efficient by reducing fuel use and emissions, and improve driver's health. Tesla, GM,  
Google (Waymo) or Mercedes-Benz are investing heavily in autonomous vehicles [63]. Eventually, 
autonomous transport trucks will populate the roads. 
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Real Use Cases 
 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 

Ocado Technology is an online food retailer that has opted for automated 
warehouse management. Ocado has no physical shops; it only sells online. To 
digitise its warehouse, Ocado has developed most of its digital solutions in-house. 
Currently, Ocado's technology stack includes cloud computing, robotics, AI and 
IIoT. The company has also implemented its own route optimisation to ensure 
fresh food delivery. Ocado's warehouses look like giant beehives, with a 3D grid 
built inside where products are stored. The central server receives information 
about the required products, then communicates wirelessly with the robots that 
start picking the items from the baskets in the grid. Operating as an air traffic 
control, the AI system prevents the robots from colliding with each other while 
picking up products. Once the robot has collected all the products in the order, it 
takes them to pick up stations, where another robot or a human assembles the 
orders. Ocado has 3500 robots working in its warehouse, serving 220000 orders 
a week. 

 

 
Figure 19 Ocado warehouse automation. Source: [111] 
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4.2 Predictive maintenance 
In manufacturing, traditional production line maintenance strategies typically involve replacing 
equipment after failure or at predetermined time intervals. These maintenance approaches push up 
maintenance costs due to unnecessary, too early replacement of equipment for replacement at 
predetermined periods or in the case of a reactive approach, an early repair could extend the life cycle 
of expensive parts and protect against the costs of failure. Although some firms plan maintenance 
based on the lifetime of individual equipment recommended by the vendors, there is still a high risk 
of late equipment maintenance since this maintenance strategy does not consider the entire 
manufacturing system. 
As opposed to traditional methods, Predictive Maintenance (PdM) is maintenance, which monitors 
the operation and condition of the equipment during normal functioning, to reduce the likelihood of 
failure. Lately, the use of IIoT connected devices in the production shop floor allows the companies 
to collect data from the entire production line so that the maintenance methods can monitor the entire 
system in real-time [64]. This data can be used to feed the machine learning models evaluating 
equipment condition by performing periodic (offline) or continuous (online) machine condition 
monitoring and estimating the best time for maintenance of the device. It aims to predict when 
equipment failure may occur and then prevent failure through regular, scheduled, and corrective 
maintenance. It allows the company to plan maintenance at the most convenient and cost-effective 
time, ensuring the optimization of machine lifespan and preventing many potential unplanned line 
stops, substandard products, or loss of production capacity [65]. 

British-Israeli company Valerann has developed an example of technology that 
integrates AI for logistics optimisation. Its intelligent road system, based on a wireless 
sensor that captures road conditions, makes it possible to predict road conditions and 
optimise routes by taking road factors into account. In this way, it is possible to predict 
road conditions and optimise routes by considering environmental factors such as 
traffic, temperature or other hazards. 

 
Figure 20 Valerann's road sensor. Source: [112] 
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Figure 21 Predictive Maintenance framework. Source: [66] 

 
AI and machine learning in the predictive maintenance space provide the ability to process massive 
amounts of data coming from installed sensors. In a research study, Serkan Ayvaz and Koray Alpay 
present a predictive maintenance system based on using machine learning techniques (Figure 21) to 
address processing the data collected in real-time from many IIoT devices at a factory [66]. The 
machine learning models in the system estimate, to a certain extent, the remaining time before the 
potential failure that the maintenance or other preventive actions can be taken ahead of time. The use 
of various regression techniques were successfully tested. (Random Forest, XGBoost, Gradient 
Boosting, AdaBoost, Multilayer Perceptron Regressor, Support Vector Regression). 
The calculations of the optimum values for predictive maintenance policies often require the analysis 
of strongly interdependent parameters. It makes the optimization process a tough task. For these 
reasons, authors of [67] propose genetic algorithms (GA) as an acceptable optimization method to be 
used. They use GA to search for the optimum maintenance policy considering several relevant 
features such as the probability of needing a repair (corrective maintenance), the cost of such repair, 
typical outage times, preventive maintenance costs, the impact of the maintenance on the systems 
reliability or probability of poor maintenance. 
Another study has considered PdM as a reinforcement learning for system modelling problem [68].  
Unlike traditional, previously mentioned black-box regression models, it contains a proposal to use a 
Deep Reinforcement Learning algorithm that self-learns an optimal maintenance policy and provides 
actionable recommendation for each piece of equipment. Other common approaches are to address 
this problem as a supervised classification [69], anomaly detection [70] or unsupervised learning 
problem [71]. 
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Real Use Cases 

 
 

	

ZF Friedrichshafen AG, also known as ZF Group, a German car parts maker headquartered in 
Friedrichshafen, with 241 production locations in 41 countries and approximately 148,000 (2019) 
employees, developed digital and interconnected solutions for predictive maintenance that 
minimize downtimes and increase the reliability of every type of industrial drives;  Operators of 
ropeways, wind turbines and rail vehicles alike benefit from the company's cost-saving and smart 
predictive maintenance solutions. For doing so, the ZF group established its digital cloud platform 
called ZF's Cloud-based IoT platform, in which all data is fed into and then evaluated using 
machine learning. The intelligent mechanical system is created based on smart sensor systems 
combined with extensive networking know-how and hardware expertise. 
 

 
Figure 22 Source: ZF Group 

One of the examples of the use case of PdM is for gear-part production machines [23]. These 
machines apply honing technique in the final step of the gear’s production process, which 
minimises gear noise, ensures a high wear threshold, and ensures smooth operation. Thus, gear 
honing becomes the primary process in the production of high-quality gear parts. 
 
In the honing machine, the honing ring is replaced just before the end of its service life to prevent 
it from fracturing during the operation. If the honing ring breaks sooner than expected, it will not 
only severely damage gear parts but also cause unplanned production downtime that impacts 
Overall Equipment Effectiveness (OEE) levels. 
 
 To cope with these adverse effects, ZF set itself to predict the failure of the honing ring from 
vibration sensor data. Firstly, the pre-processed time-series data is being transferred by the fast-
Fourier method to analyse measurements across the entire frequency spectrum, with additional 
statistical features examined based on the Fourier-transformed data.  Later, the supervised 
learning algorithm can predict probabilities for ‘fracture’ and ‘no fracture’ cases. The company 
achieved the best predictive performance using a random forest model: experts could detect 99% 
of tool fractures. 
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4.3 Generative design 
Generative design is an exploration process that combines machine learning and human creativity to 
automate and accelerate product delivery. A typical design process often requires specialist 
knowledge and many years of experience to create products that meet end-user needs. It requires 
designers and engineers to thoroughly understand the various principles and processes to generate the 
final design properly. Even then, after hours of studying, analysing, and prototyping, the emphasis on 
shortening the development cycle often results in designs that are far from optimal. Generative design 
addresses this problem by engaging computer-aided procedures that help to almost automatically 
create a large number of initial designs via an iterative algorithmic framework while respecting user-
defined criteria and limitations. The process starts with designers or engineers setting design goals 
into the generative design software and features such as performance or shape/spatial requirements, 
materials to be used, manufacturing methods, and cost constraints. The AI-empowered software 
explores the solution permutation space, generating design alternatives. In each iteration, the system 
tests what works and what does not and learns for the next iteration. 
 

	

Wanting to take a proactive rather than reactive approach to maintenance issues, the industrial 
robot provider FANUC America developed a program called ZDT, which stands for Zero 
Down Time. Their robots send data about machine and controller performance to the cloud, 
where analytics developed by FANUC identify potential equipment problems before 
unexpected downtime occurs. The ZDT platform sends information about the potential failure 
to the service department, which sends the parts to the customer for installation during a 
planned outage.  ZDT also collects vision images from the cameras performing error checking 
or part location, as well as some metadata from the process on the robot that was used to 
capture the vision image [113]. 
General Motors deployed ZDT's cloud-based image classification tool on nearly 7,000 robots. 
This pilot experiment was intended to detect component failures before they happened. It was 
able to detect 72 instances of component failure that could have led to unplanned downtime 
and developed into costly incidents - it can be estimated that this saved tens of thousands of 
dollars per minute of potential downtime [41]. 
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Figure 23 GAN-based approach for manufacturable design generation. Source [72] 

 
Generative design approaches aim not to find the optimal solution but to generate many different 
designs that satisfy the design goals within the parameters specified in the test setup. Some artificial 
intelligence techniques are suitable for this goal. The task of the generative model is to construct a 
generator that learns the probability distribution of training data and generates new data based on 
learned probability distribution. The generative adversarial networks (GAN) [73], [74] and the 
variational auto-encoders (VAE) [75] are popular generative techniques used for design optimization, 
where high-dimensional design variables are encoded in low-dimensional design space. The authors 
of [72] propose a GAN-based approach of topology optimization integrating mechanical conditions 
in addition to one typical manufacturing condition (the complexity of a design). The approach is a 
dual-discriminator GAN: a generator that takes as an input the mechanical and geometrical conditions 
and outputs a 2D structure and two discriminators: one to ensure that the generated structure follows 
the mechanical constraints and the other to assess the geometrical constraint. This process is shown 
in Figure 23. 
Another Deep Learning architecture that aims to enhance mechanical designs called DzAIℕ is 
proposed in [76]. This system can produce a population of prototype designs, with the only necessary 
input being the domain dimensions, the support and loading conditions and the desired final volume. 
It is based on an algorithmic architecture that combines topology optimization and deep learning 
methods. Topology optimization focuses on discovering the best distribution of a particular amount 
of material inside a specific domain according to structural performance under certain loading and 
support conditions. Deep learning and, specifically Deep Belief Networks (DBN) are used for 
diversifying through stochasticity, designs generated by topology optimization methods. 
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Real Use Cases 
 
 
 
 
  
 
 
 
 
 
 
 
 
 
 
 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 

 US car manufacturer General Motors is one of the first automotive companies to leverage 
generative design to reduce the weight of its vehicles. In 2018, the company worked with 
Autodesk engineers to create 150 new design ideas for a seat bracket and chose a final design 
that proved 40 percent lighter and 20 percent stronger than the original part. It also consolidates 
eight different components into one 3D-printed part [108]. 

 

  

Airbus used generative design 
techniques to re-imagine the interior of a 
section of its A320 aircraft, resulting in 
designs that were 45% lighter (30kg). 
This weight reduction is a dramatic 
improvement in design, massively 
reducing fuel consumption, cutting costs 
and reducing the emission of thousands 
of tonnes of carbon dioxide into the 
atmosphere when the changes are 
applied to the fleet of vehicles. The new 
design is based on a single-celled 
organism: the slime mold [108].  
  
  

 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 24 A rendering of the original bionic 
partition (left) next to the updated design. Courtesy 

of Airbus. Source: [108] 
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The brand new example of the product fully designed by algorithms is the "A.I. Chair", the result 
of a collaboration between French industrial designer Philippe Starck, the Italian furniture 
company Kartell and an American software corporation specialised in designing and making 
technology, with expertise across engineering and manufacturing, Autodesk. The A.I. Chair,  the 
first commercial chair designed using generative design technology, demonstrates how generative 
design empowers today's designers to reach new heights in form and function. 
 

 
Figure 25 Autogenerated chair designs. Source:  [108] 

 
Autodesk develops generative design software that allows designers to quickly see countless 
ways to create a single product, such as a chair. It just requires entering the parameters e.g. 
number of legs, height of the seat, weight requirements, minimum materials , etc. and the AI 
algorithms can generate thousands of options. The software supports human creativity and 
accelerates the process, expanding the limits of design and inventiveness. 
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4.4 Quality assurance 
Quality Assurance is defined as the procedure to ensure the desired level of quality of manufactured 
products or services provided to the customers [77]. It focuses on improving the production process 
and making it efficient and effective as per the quality standards defined for the products. Defect 
prevention in quality assurance is based on monitoring different aspects of a service or facility at an 
early stage [78]. Many leading manufacturers use AI, and more specifically machine learning, to help 
ensure that products are defect-free before leaving the assembly line. 
 
Assembly lines, composed of different machines and sensors, can be understood as data-driven, 
interconnected and autonomous networks optimising a set of parameters and algorithms to produce 
the best possible end-products. Quality assurance systems can monitor the variables and data to know 
with a high degree of probability which products can be of lower quality than expected. Such an in-
line inspection can capture anomalies that could not be detected otherwise. Moreover, by analysing 
process parameters, companies can predict the potential quality issues and take proactive actions to 
avoid potential problems before they happen.  

 
Figure 26 Quality inspection example. Source: Capgemini Research Institute analysis [41] 

 
This AI application can free up the manufacturing staff from spending their time focusing on quality 
checking to spend more time on other strategic tasks. Historically speaking, quality assurance used 
to be a manual job, requiring a highly skilled engineer or expert to examine each produced unit to 
ensure that products were properly manufactured. Today, using high-resolution cameras, coupled 
with powerful visual inspection technology, allows automatic validation of whether an item has been 
perfectly produced.  
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In classical computer vision models, the expert had to decide which features (e.g. curves, corners, 
colour areas) in the images captured by the camera were essential for the inspection. The expert then 
created a rule-based system that detailed, for example, how "red" or how much "curvature" defined 
an object as a ripe apple. This system required a great deal of supervision by the expert and was in 
many cases ineffective depending on lighting conditions or if the variation between a good or bad 
product was very subtle or qualitative. 
Today, ML algorithms are fed with model examples of what the final product should look like, both 
in appearance and other parameters that need to be observed (e.g. in the dairy industry, ph, acidity, 
amount of fat). The data engineer can select which areas are most relevant to observe, and the 
algorithm learns as more examples are fed to it which features are most relevant to identify products 
anomalies that fall outside the baseline. Its effectiveness and accuracy improve as it is trained with 
more data. With the advent of deep neural networks [79] (DNNs) it is no longer necessary to design 
each vision system by hand for different scenarios. It is sufficient to feed the system with images or 
sets of parameters that define a quality product. With sufficient training data, DNNs can train accurate 
models with small error. Several approaches of DNNs and other machine learning techniques have 
been proven to be effective in this problem setting like Deep Convolutional Neural Networks [80] 
[81] [82], Recurrent Neural Networks [83] [84] or Support Vector Machines [85] [86].  
 
 
Real Use Cases 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

	

In Germany, the leading car manufacturer Audi uses an image recognition system based on 
deep learning at its Ingolstadt press shop. Their quality assurance system was trained using 
historical data in the form of several million test images drawn from presses in Audi's 
Ingolstadt plant and many other Volkswagen plants. Several cameras installed in the press 
capture images of pressed sheet metal, and the system analyses them in real-time to identify 
discrepancies, variances and the slightest weakness that could cause a metal sheet to crack. 
Imperfections of a material's surface can be an aesthetic issue on the one hand but, on the other 
hand, prohibit its usage in specific scenarios. To guarantee the right level of quality of a 
manufactured item, they detect any visible irregularities – before it leaves the shop floor – 
which would be almost physically impossible using manual methods. 
 

 
 

Figure 27 Source:  Audi Media Center “Audi optimizes quality inspections in the press shop with 
artificial intelligence” October 2018 
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Food tech company OAL launched an AI-based vision system, APRIL Eye, for date code 
verification that is being used by many food manufacturers. The system removes the human 
operator from the date code verification process boasting more than 1000 packages per minute, 
reducing the risk of product recalls and emergency product withdrawals (EPWs) caused by 
human error on packaging lines. 
Traditional computer vision systems relied on optical character recognition (OCR) to perform 
this task. However, due to the variability in prints produced by inkjet printers used in the food 
industry, the automation struggled with font distortions, lighting variations, misplacement of 
text or variations in font types or sizes.  
 

 
 
APRIL Eye uses basic cameras backed up with machine learning models to deliver a vision 
system that can deal with variations such as lighting, positioning, print quality and placement 
inherent in a food or beverage plant and read anything that is also legible to the bare eye. By 
taking photos of each date code, the system can read them back using scanners to ensure they 
match the programmed date code for that product run, fully automating the verification 
process. In this way, the system eliminates errors and provides full traceability while protecting 
consumers and the brand and reducing labour costs and waste. 
 

 
 

Figure 28 Label reading with AI. Source:  OALgroup 
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4.5 Demand Planning 
Demand planning is defined as the process of forecasting demand for a product or a service and 
executing an operational strategy across the supply chain in order to meet it. It is considered a critical 
business planning function. It shows where the company is headed and when, and how to adjust 
automated operations and finances accordingly. In the context of supply chain management, it refers 
to the process of predicting demand or predicting sales. Using sales data, inventory information and 
anomaly accounting, one can plan the amount of product to manufacture, stock in the warehouse and 
ship to the different distributors. Effective demand planning requires highly accurate demand 
forecasts that should deliver on agreed strategies. 
Demand planning helps to identify potential expansions to product lines as well as threats to sales. It 
can help cut costs by avoiding overstocks, facilitate warehouse logistics and reduce distribution costs. 
Demand planning integrates demand forecasting, which predicts sales, with supply planning, 
determining how much product should be produced and stored. 

 
Figure 29 Using machine learning-based demand planning and forecasting. Source: Capgemini Research Institute 

analysis [41] 

McKinsey claims that machine-learning-based methods can significantly increase forecasting 
accuracy and optimize replenishment [87]. AI-powered supply chain optimization not only focuses 
on performance in a given setting but can also flexibly adapt to changes in the product mix or the 
distribution network due to unforeseen events. In addition, future systems address the entire value 
chain from the supplier of raw materials to the end customer. It enables achieving a fully automated, 
self-adjusting decision-making system for the supply chain management. Demand spikes are 
predicted accurately, and the routes and volumes of material flows are adjusted automatically. 
Machine learning forecasting can reduce errors by 30 to 50% in supply chain networks, improve 
accuracy up to a 65% reduction in lost sales due to inventory breakage situations, and warehousing 
costs decrease around 10 to 40%. Due to AI, overall inventory reductions of 20 to 50% are feasible 
[87] [88]. Machine learning is not only influencing how products are being produced, but also what is 
being produced. With the potential to identify market fluctuations, modelling demand data and 
identifying trends, companies can react more quickly to market changes. 
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Real Use Cases 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

	

One success story applying machine learning techniques to demand forecasting is L’Oréal, 
one of the world’s largest beauty products manufacturers. This company has developed the 
‘Demand Sensing’ program, which is a key enabler of the digital transformation of L’Oréal’s 
Supply Chain. Accessing multiple high-frequency sources of data through connected data 
platforms optimizes the sales comprehension and anticipation, allowing machine-driven 
planning across the entire distribution network and ensuring the right stock is in the right place 
at the right time, automatically. All data inputs, such as data coming from social media, 
gathered at point-of-sales, weather and financial markets indicators, are integrated in real-time, 
enabling algorithms to propose the best decisions to demand planners at business pace. [109] 

	

Today's heating, ventilation and air-conditioning (HVAC) business is centred on fixing 
customers' problems immediately as customers depend highly on these devices during 
cold/heat seasons. Lennox, one of the biggest players in the US HVAC sector, configures its 
logistic network so that large numbers of parts and devices are available for immediate pick-
up or same-day delivery at locations around the country, even for parts no stored locally. 
Lennox deployed machine learning to sift through hundreds of thousands of SKU-Locations 
to identify "clusters" of those with similar seasonality profiles that were not visible through 
standard statistical approaches. Defining seasonality groups for forecasting was challenging 
due to many slow-moving parts, diverse demand behaviours, and an extremely seasonal 
business. Artificial Intelligence has allowed Lennox to automate the process and create an 
improved inventory mix over its extensive distribution network. Setting apart classic 
forecasting methods, which rely heavily on probabilistic historical demand, Lennox adopted 
demand modelling drawing on unique daily demands patterns. 
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4.6 Inventory Management 
Inventory management is the part of the business responsible for understanding the mix of stocks a 
company has in its warehouses and the different demands on that stock. Demand is influenced by 
external and internal factors and is balanced with the creation of purchase orders to maintain the level 
of supply at a reasonable or prescribed level. Stock management is a complex and challenging task, 
especially for companies operating more than one warehouse and stores selling thousands of products 
per month. As a result, companies often struggle with mixed stocks, stock-outs, insufficient stock 
levels and clutter in warehouses. Efficient inventory management provides the right stock, at the 
proper levels, in the right place, at the right time and at the correct cost and price. 
Overstocking or understocking can be a major problem. If a company have too many products, they 
take up space in the warehouse and, in some cases, can spoil. On the other hand, if there is insufficient 
stock, customers are dissatisfied, cash flow is at risk, and the company's image is at risk. Machine 
learning can help predict the level of stock demand that matches the number of purchase orders. 
Predictive analytics can even anticipate seasonal fluctuations in demand that may require preparing 
stock in advance, for example, corresponding with busy trading periods such as Christmas. Machine 
learning can also help avoid dead stock: when a company has too many products that cannot sell and 
having a short expiration period, they become unsaleable. They become dead stock. Predictive 
inventory management can help to avoid this problem. Inventory management is also related to 
concepts portrayed in the section on logistics optimisation concerning the physical management of 
products. Machine learning solutions can be used to better plan activities because they are good at 
forecasting demand and scheduling deliveries.  
The standard machine learning approach is to build a time series prediction model to estimate the 
demand for all the goods in a warehouse in the coming days [89]. Many of the highest performing 
time series methods use LSTM/RNN models with sliding windows, logistic regression techniques 
and certain probability models. Other works describe inventory dynamics as the difference between 
inbound and outbound flows, which is a subject of various factors, such as seasonality, degree of 
competition, technological failures, labour-related issues, supply-chain-related factors, inflation, and 
change in government laws and so on [90]. 
Another artificial intelligence approach for inventory management is more advanced and involves 
reinforcement learning agents. Such a model does not simply make predictions or classifications but 
acts on these predictions. Moreover, it gives the AI system the option to control the inventory 
operations with human supervision and balances. The system works rewarding and punishing the 
model for acting incorrectly. Usually, the system penalises itself for running out of stocks of a product 
or having too much in stock for too long. 
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Real Use Cases 
 

 
 

 
 

 
 

 
 

 
 

 

	

The German online retailer Otto uses an AI application that is 90 per cent accurate in 
forecasting what the company will sell over the next 30 days. The forecasts are so reliable that 
Otto now builds inventory in anticipation of the orders. In a dynamic pricing pilot, Otto 
optimised sales by 9%, turnover by more than 6%, profit by 5% and reduced leftover stock by 
12%.  AI has forecast, enabling the retailer to speed deliveries to customers and reduce returns. 
Otto is confident enough in the technology to let it order 200,000 items a month from vendors 
with no human intervention [110]. 

	

Shell is one of the world's leading oil and gas exploration and production giants and a 
petrochemicals manufacturer. To maintain production, Shell stocks around 3000 different 
components across its global facilities. The right parts must be in the right place at the right 
time to avoid outages, but just as important is not to overstock as it can be cost-prohibitive. 
Shell's traditional inventory management system had serious flexibility issues until they 
incorporated machine learning using their historical data. Since they started using scalable 
predictive models to distribute 3000 types of materials across more than 50 locations, 
inventory analysis and forecasting went from 48 hours to 45 minutes, an increase in 
performance x32 with corresponding savings. 
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5 AI in manufacturing sector: trends in academy 
After analysing the industry's vision of AI, we present a static picture of academic research in 2019-
2022. We have searched academic repositories using artificial intelligence and manufacturing 
keywords to identify the latest applied science trends. In our first approach, we limited the search to 
the years 2019-2021 to identify the latest trends in the sector. 
 

 
 

 
 
The arxiv results for the period return 94 articles, of which 85 have been examined and the rest 
discarded for being out of context. This is the analysis of identified keywords: 

 

Planning 7   visual inspection  5 

Robotics/Cobots 12 process mining 3 production planning 2 

Behaviour Trees 1 federated learning 2 multi-agent systems 2 

Optimization 12 visual inspection 1 RNN 4 

Data summarization 1 active learning 3 autoencoders 1 

Cloud computing 3 weakly supervised learnig 1 anomaly detection 3 

I4.0 12 Dempster-Shafer 1 DQN 6 

DL 14 deep reinforced learning 7 Reinforced Learning 8 

multistage learning 1 cognitive digital twin 1 augmented reality 1 

quality prediction 3 production planning 1 scheduling 11 

supply chain forecasting 5 autonomous vehicles 3 Triplet Networks 1 

IIoT 7 HCI/HRI 3 adversarial networks 1 

complex event processing 2 neuromorphic computing 1 predictive maintenance 2 

tiny machine learning 1 mixed integer linear programming 3 simulated annealing 1 

neural networks 2 constrain satisfaction(SAT/CP) 4 component pricing 1 

edge computing 5 knowledge representation/ontologies 5 DSS 5 

explainable AI 7 fault inspection 3 paralel processing 1 

demand forecasting 4 CNN 4 hao-mendel approach 1 

smart manufacturing 6 factory automation 2 6G 2 

knowledge graph 3 safety assurance in ML 2 edge intelligence 1 

product design 2 Transfer Learning 3 learning classifier systems 1 

quantum computing 1 AnswerSetProgramming 1 LSTM 3 

arXiv is a free distribution service and an open-access archive for 1,890,696 scholarly articles in 
the fields of physics, mathematics, computer science, quantitative biology, quantitative finance, 
statistics, electrical engineering and systems science, and economics hosted by Cornell 
University. 
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Figure 30 arxiv keyword cloud 

 
 
It can be observed that Deep Learning (14), robotics/Cobots (collaborative robots) (12) and 
Reinforced learning (8) are the technical areas with the most traction. Followed by Explainable AI 
(7), Deep Reinforced Learning (7), Deep Q-Networks (a subtype of DRL) (6), decision support 
systems (5) and knowledge representation/ontologies (5). The areas of application with more focus 
are optimization (12), scheduling (11) and planning (7) followed by supply chain forecasting (5), 
visual inspection (5) and demand forecasting (4). Other relevant keywords like I4.0 (12), IIoT(7) or 
smart manufacturing(6) identify related terminology. 
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In our second iteration we have performed a dual exploration, examining 'artificial intelligence 
manufacturing' keywords and 'machine learning manufacturing' keywords. The searches have been 
performed in the IEEE database and we constrained them to 2021-2022 covering this new reporting 
period. For each search, the results' metadata has been downloaded and analysed, paying special 
attention to the IEEE Terms1 and INSPEC2 Terms describing each paper.  
 

 
 

 
 
 
 
The IEEEXplore results for the period using 'machine learning manufacturing' search terms returns 
1124 items including journal papers, conference proceedings, editorials or magazines. From the 
extraction of the metadata, were obtained 7662 non-unique IEEE keywords distilled into 1337 unique 
IEEE keywords ranging frequencies from 279 to 1. In Table 5we can see the ones with more than 20 
repetitions: 
 

Table 5 Top ranked IEEE terms by repetition in 'machine learning manufacturing' search 

 
 
 

 
1 The IEEE Thesaurus is a controlled vocabulary of almost 11,100 descriptive engineering, technical and scientific 
terms, as well as IEEE- specific society terms [referred to as “descriptors” or “preferred terms”] .* Each descriptor 
included in the thesaurus represents a single concept or unit of thought. The descriptors are considered the preferred 
terms for use in describing IEEE content.  

2 The Inspec Thesaurus contains controlled terms used to index records in the Inspec database.. IET Inspec is one of the 
most definitive databases for subject-specific and interdisciplinary research in the fields of engineering, physics and 
computer science. It contains over 20 million records of research literature, and for 50 years it’s been an essential 
discovery tool to numerous prestigious institutions around the world. 

Machine learning 279 Sensors 47 Estimation 30 Convolution 23
Training 241 Three-dimensional displays 47 Measurement 30 Digital twin 23
Feature extraction 175 Optimization 46 Correlation 29 Performance evaluation 23
Predictive models 157 Inspection 42 Transfer learning 29 Software 23
Manufacturing 130 Conferences 39 Uncertainty 29 Wireless communication 23
Data models 128 Artificial neural networks 38 Three-dimensional printing 28 Integrated circuits 22
Production 120 Semiconductor device modeling 38 Maintenance engineering 27 Manuals 22
Machine learning algorithms 113 Job shop scheduling 37 Robots 27 Databases 21
Task analysis 100 Training data 37 Service robots 27 Layout 21
Deep learning 94 Visualization 37 Shape 27 Productivity 21
Computational modeling 89 Costs 36 Computer architecture 26 Safety 21
Support vector machines 80 Vibrations 36 Security 26 Classification algorithms 20
Neural networks 69 Solid modeling 35 Smart manufacturing 26 Industrial Internet of Things 20
Real-time systems 65 Time series analysis 35 Hardware 25 Machining 20
Fault diagnosis 61 Adaptation models 34 Manufacturing industries 25 Product design 20
Industries 60 Process control 34 Neurons 25 Reliability 20
Prediction algorithms 59 Production facilities 34 Anomaly detection 24 Robot sensing systems 20
Tools 58 Reinforcement learning 34 Companies 24 Toy manufacturing industry 20
Analytical models 53 Convolutional neural networks 33 Monitoring 24
Manufacturing processes 51 Internet of Things 31 Technological innovation 24

IEEE Xplore digital library is a research database for discovery and access to journal articles, 
conference proceedings, technical standards, and related materials on computer science, 
electrical engineering and electronics, and allied fields. It contains material published mainly by 
the Institute of Electrical and Electronics Engineers (IEEE) and other partner publishers. IEEE 
Xplore provides web access to more than 5 million documents from publications in computer 
science, electrical engineering, electronics and allied fields. 
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When looking at the INSPEC Terms in the same 'machine learning manufacturing' metadata 
search, were obtained 6435 non-unique INSPEC keywords distilled into 1378 unique INSPEC 
keywords ranging frequencies from 494 to 1. In Table 6we can see the ones with more than 20 
repetitions: 
 

Table 6  Top ranked INSPEC terms by repetition in 'machine learning manufacturing' search 

 
 
The IEEEXplore results for the period using 'artificial intelligence manufacturing' keywords 
returns 2145 items including journal papers, conference proceedings, books, editorials or magazines. 
From the extraction of the metadata, were obtained 13780 non-unique IEEE keywords distilled into 
1842 unique IEEE keywords ranging frequencies from 398 to 1. In Table 7we can see the one with 
more than 20 repetitions: 

Table 7 Top ranked IEEE terms by repetition in 'artificial intelligence manufacturing' search 

 

learning (artificial intelligence) 494 image classification 56 recurrent neural nets 33 control engineering computing 23
production engineering computing 293 quality control 56 decision making 31 machine tools 23
deep learning (artificial intelligence) 127 computer vision 51 decision trees 30 pattern clustering 23
neural nets 112 manufacturing systems 42 manufacturing processes 28 vibrations 23
feature extraction 110 inspection 41 time series 28 wear 23
fault diagnosis 93 electronic engineering computing 40 semiconductor industry 27 genetic algorithms 22
pattern classification 93 maintenance engineering 40 product quality 26 integrated circuit manufacture 22
convolutional neural nets 85 manufacturing industries 35 unsupervised learning 26 artificial intelligence 21
support vector machines 70 automatic optical inspection 34 cloud computing 25 scheduling 21
regression analysis 69 data analysis 34 failure analysis 25 assembling 20
condition monitoring 68 semiconductor device manufacture 34 supervised learning 25 image segmentation 20
Internet of Things 67 mechanical engineering computing 33 Gaussian processes 24 mobile robots 20
optimisation 61 object detection 33 Big Data 23 rapid prototyping (industrial) 20

Training 398 Technological innovation 58 Measurement 39 Protocols 25
Feature extraction 322 Heuristic algorithms 57 Security 38 Robot kinematics 25
Manufacturing 231 Artificial neural networks 56 Smart manufacturing 38 Anomaly detection 24
Deep learning 213 Process control 56 Reliability 37 Metals 24
Predictive models 206 Semiconductor device modeling 56 Generative adversarial networks 36 Image edge detection 23
Data models 199 Costs 55 Market research 36 Location awareness 23
Task analysis 192 Internet of Things 54 Performance evaluation 35 Resource management 23
Machine learning 190 Robot sensing systems 54 Learning systems 34 Roads 23
Production 189 Uncertainty 54 Neurons 34 Wireless sensor networks 23
Computational modeling 155 Job shop scheduling 53 Productivity 34 Biological system modeling 22
Neural networks 128 Shape 53 Robustness 34 Detectors 22
Artificial intelligence 114 Toy manufacturing industry 52 Systematics 34 Fabrication 22
Real-time systems 112 Transfer learning 52 Time series analysis 34 Fault detection 22
Industries 102 Training data 51 Trajectory 34 Reliability engineering 22
Optimization 100 Manufacturing industries 50 Mathematical models 33 Sociology 22
Visualization 100 Correlation 49 Transportation 32 Atmospheric modeling 21
Conferences 97 Object detection 48 Databases 31 Bayes methods 21
Analytical models 91 Vibrations 48 Image recognition 31 Games 21
Reinforcement learning 91 Estimation 47 Prototypes 31 Manipulators 21
Tools 90 Big Data 46 Clustering algorithms 30 Numerical models 21
Machine learning algorithms 81 Wireless communication 46 Mathematical model 30 Pipelines 21
Manufacturing processes 81 Collaboration 45 Planning 30 Servers 21
Sensors 81 Image segmentation 45 Cloud computing 29 Silicon 21
Three-dimensional displays 81 Safety 45 Benchmark testing 28 Temperature sensors 21
Inspection 76 Automation 44 Classification algorithms 28 Decoding 20
Fault diagnosis 73 Monitoring 44 Product design 28 Degradation 20
Semantics 72 Software 44 Simulation 28 Energy consumption 20
Support vector machines 72 Companies 43 Three-dimensional printing 28 Face recognition 20
Adaptation models 68 Force 43 Computer vision 27 Indexes 20
Prediction algorithms 68 Maintenance engineering 43 Navigation 27 Industrial Internet of Things 20
Computer architecture 67 Cameras 42 Control systems 26 Ontologies 20
Service robots 63 Decision making 42 Layout 26 Recurrent neural networks 20
Convolution 62 Digital twin 41 Transforms 26 Standards 20
Robots 62 Data mining 40 Welding 26 Supply chains 20
Solid modeling 62 Hardware 40 Education 25 Testing 20
Convolutional neural networks 58 Production facilities 40 Manuals 25
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When looking at the INSPEC Terms in the same 'artificial intelligence manufacturing' metadata 
search, were obtained 13087 non-unique INSPEC keywords distilled into 2064 unique INSPEC 
keywords ranging frequencies from 874 to 1. In Table 8we can see the one with more than 20 
repetitions: 

Table 8 Top ranked INSPEC terms by repetition in 'artificial intelligence manufacturing' search 

 
 
The results show trends in techniques used and specific applications in the manufacturing industry. 
Taking as sample the first trend table, we can see coloured the terms that fit into knowlEdge project 
developments, from specific ML techniques covered in WP4-WP7, digital technologies like digital 
twins or IoT in WP6 and WP3, to use case applications like job scheduling portrayed in WP2-WP8. 
Covering 73% of the top terms in the trends, we can state that knowlEdge project is well positioned 
on the latest 
 

 

learning (artificial intelligence) 874 automatic optical inspection 51 industrial robots 33 medical image processing 25
production engineering computing 520 Big Data 51 cameras 31 automobile industry 24
deep learning (artificial intelligence) 352 manufacturing processes 50 medical signal processing 31 machine tools 24
feature extraction 247 pattern clustering 50 telecommunication computing 31 process monitoring 24
neural nets 197 semiconductor device manufacture 50 decision trees 30 signal classification 24
convolutional neural nets 195 intelligent manufacturing systems 47 Gaussian processes 30 Bayes methods 23
optimisation 138 electronic engineering computing 45 Markov processes 30 computer network security 23
Internet of Things 131 manufacturing industries 44 human-robot interaction 29 mean square error methods 23
fault diagnosis 128 power engineering computing 42 image recognition 29 mobile computing 23
artificial intelligence 118 Internet 41 security of data 29 motion control 23
pattern classification 118 data mining 40 unsupervised learning 29 remaining life assessment 23
image classification 115 genetic algorithms 39 iterative methods 28 computational complexity 22
object detection 113 robot vision 39 multi-agent systems 28 electroencephalography 22
mobile robots 98 product quality 38 ontologies (artificial intelligence) 28 sensor fusion 22
computer vision 95 assembling 37 rapid prototyping (industrial) 28 blockchains 21
condition monitoring 94 design engineering 37 statistical analysis 28 collision avoidance 21
manufacturing systems 94 image colour analysis 37 wear 28 data visualisation 21
regression analysis 92 path planning 37 gradient methods 27 flaw detection 21
quality control 83 search problems 37 image fusion 27 integrated circuit reliability 21
inspection 80 graph theory 36 multi-robot systems 27 natural language processing 21
control engineering computing 72 image representation 36 production equipment 27 particle swarm optimisation 21
image segmentation 69 scheduling 36 reliability 27 semiconductor technology 21
support vector machines 64 semiconductor industry 36 sensors 27 three-dimensional printing 21
cloud computing 63 time series 35 finite element analysis 26 autonomous aerial vehicles 20
data analysis 63 integrated circuit manufacture 34 position control 26 data handling 20
decision making 63 probability 34 traffic engineering computing 26 neurocontrollers 20
recurrent neural nets 62 vibrations 34 data privacy 25 resource allocation 20
maintenance engineering 57 diseases 33 evolutionary computation 25
mechanical engineering computing 53 failure analysis 33 factory automation 25

Machine learning 279 Sensors 47 Estimation 30 Convolution 23
Training 241 Three-dimensional displays 47 Measurement 30 Digital twin 23
Feature extraction 175 Optimization 46 Correlation 29 Performance evaluation 23
Predictive models 157 Inspection 42 Transfer learning 29 Software 23
Manufacturing 130 Conferences 39 Uncertainty 29 Wireless communication 23
Data models 128 Artificial neural networks 38 Three-dimensional printing 28 Integrated circuits 22
Production 120 Semiconductor device modeling 38 Maintenance engineering 27 Manuals 22
Machine learning algorithms 113 Job shop scheduling 37 Robots 27 Databases 21
Task analysis 100 Training data 37 Service robots 27 Layout 21
Deep learning 94 Visualization 37 Shape 27 Productivity 21
Computational modeling 89 Costs 36 Computer architecture 26 Safety 21
Support vector machines 80 Vibrations 36 Security 26 Classification algorithms 20
Neural networks 69 Solid modeling 35 Smart manufacturing 26 Industrial Internet of Things 20
Real-time systems 65 Time series analysis 35 Hardware 25 Machining 20
Fault diagnosis 61 Adaptation models 34 Manufacturing industries 25 Product design 20
Industries 60 Process control 34 Neurons 25 Reliability 20
Prediction algorithms 59 Production facilities 34 Anomaly detection 24 Robot sensing systems 20
Tools 58 Reinforcement learning 34 Companies 24 Toy manufacturing industry 20
Analytical models 53 Convolutional neural networks 33 Monitoring 24
Manufacturing processes 51 Internet of Things 31 Technological innovation 24
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6 Adoption Barriers 
All experts claim that artificial intelligence is an inseparable part of the future of business, as it has 
shown significant potential in different areas to improve the competitiveness of companies. However, 
this fact does not imply that AI should, or can, be implemented quickly and successfully. There are 
different challenges or barriers that are hindering the penetration of this technology in many 
industries, due to the difficulties they pose to organisations interested in making this digital leap. 
There is a worrying lack of preparedness for adopters on the broad spectrum of operational, strategic 
or ethical risks. More than half of the adopters of AI techniques report "major" or "extreme" concerns 
about these potential risks, according to Deloitte (see Figure 31). 
 

 
Figure 31 Deloitte, State of AI in the Enterprise, 3rd edition, 2020. [91] 

 
In 2022 barriers to AI adoption remain persistent. According to IBM Global AI Adoption Index [36] 
the top five perceived barriers for AI adoption are: 
 

34% Limited AI skills, expertise or knowledge 

29% Price is too high 

25% Lack of tools or platforms to develop models 

24% Projects are too complex or difficult to integrate and scale 

24% Too much data complexity 

 
Skill limitation, high prices and difficulties scaling the solutions have been the common key factors 
consistent through the three editions of the IBM Global AI Adoption Index. 
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As reported by the MHI Annual report [38], companies understand the benefits of innovation 
investment. However, the associated costs and potential disruptions in day-to-day operation generate 
investment reluctance, especially under the profitable growth pressure. According to the 2022 report, 
there is a common agreement across all technologies surveyed for the most significant barrier to 
adoption: 'lack of a clear business case to justify the investment' (see Figure 32). Companies need a 
clear and robust business case to provide the basis for informed investment decision-making. 

 
Figure 32 Ranking of barriers to adoption of digital technologies 

6.1 Shortage of AI experts 
Companies in all industry sectors find that data science experts and AI professionals are scarce and 
difficult to recruit. AI projects require a multidisciplinary team consisting of data scientists, ML 
engineers, software engineers, business experts and application domain experts [23] [18] [92]. Many 
companies do not have the resources to start an AI project with a team of this size, or if they have 
several AI projects underway, it is not easy to scale them and deliver on time. This problem is 
particularly noticeable in the manufacturing sector, which many ML experts find dull, uninspiring 
and repetitive. A study commissioned to Deloitte by the Manufacturing Institute unveils startling 
insights about the growing skills gap in the manufacturing sector [93]. In the US market alone over 
the next decade, 3.4M manufacturing jobs will be needed (2.7 million to replace baby boomers and 
700,000 due to economic expansion). However, 2M of these jobs are likely to go unfilled due to skills 
shortages in the new smart manufacturing positions generated by automation. At present, 60% of 
vacancies are unfilled due to lack of talent. Therefore, there is a need for both industry and 
governments to adopt training policies to prepare skilled personnel to fill the growing demand. 

6.2 Robust integration with legacy IT systems 
Manufacturing companies often have a wide range of tools, machinery, production lines and systems 
using very diverse technologies, often with outdated software that is not compatible with other 
systems. In the absence of common standards and frameworks, plant engineers often have to figure 
out the best way to connect all the machines and systems while integrating the most appropriate 
sensors and converters. Engaging a heavily data-driven technology as AI, integration with existing 
systems is vital to implement services that effectively exploit the information generated on the shop 
floor and is one of the most significant technological challenges to adopting AI technologies.  
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An ecosystem containing compatible components that use standard rules and connections to ERP, 
MES and PLC/SCADA systems can offer solutions to interoperability issues while providing stable 
data sources. OPC UA is becoming an essential protocol for communication and modelling in 
Industry 4.0 [94]. 
In addition to these data sources, AI systems will sometimes need more granular data coming directly 
from machinery and equipment, such as IIoT systems, which are emerging as key data sources for AI 
applications with two different approaches [41]: 
1. running the computations at the edge to make immediate tactical decisions.   (e.g. on production 
line machines). 
2. Running the computations in the cloud where the data is stored (e.g., making strategic decisions 
based on learning or supporting human decision support). 
 

6.3 Data quality 
Access to clear, meaningful and quality data is crucial to the success of AI applications but can be a 
challenge in the manufacturing sector [23]. Data in manufacturing is often biased, outdated or full of 
errors caused by multiple factors. One example is data collected by sensors on the shop floor in 
extremely harsh conditions (e.g., foundries) where extreme temperatures, noise or vibration can 
produce inaccurate data [92]. Historically, production plants have been designed using different 
systems that do not talk to each other, where operational data may be scattered in different databases 
with different formats unsuitable for analysis requiring extensive pre-processing. 
 

6.4 Lack of a data governance framework 
Investing in foundational technologies is key to long-term success. A data governance infrastructure 
defines critical processes related to the generation, management, storage, distribution and analysis of 
data that are crucial for AI applications: 
  

1. Who or what function generates the data? Who owns it, and who manages its access? 
2. What data is useful for AI applications? How is it captured and how is it stored? 

3. What data formats and standards should be followed to facilitate integration? 
  
In the absence of a data governance policy, AI initiatives encounter multiple barriers - no single view 
of the data, no data quality or insufficient data for training. Data governance is essential to have a 
clear, structured and quality dataset. To make the best use of the data collected, leading companies 
implement robust data and AI platforms to store it, govern its access and make it available to different 
AI applications. A data governance platform allows AI solutions to be developed and scaled 
repeatedly and securely, from data acquisition to the development and deployment of use cases. 

6.5 Real-time data processing and decision making 
Real-time data consumption and decision-making are becoming necessary in manufacturing 
applications, such as quality monitoring or predictive maintenance. Often, decisions must be made 
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on the spot - in seconds or milliseconds - to identify a problem before it results in unplanned 
production downtime, production defects or safety issues. This real-time decision making requires a 
streaming data analysis capability that is supported by adequate infrastructure. Often models trained 
in a sandbox that work correctly can provide false alarms in a production environment. As their 
training adjusts to the actual data stream, the production environment must be properly prepared to 
integrate this degree of temporal uncertainty. 

6.6 Scaling AI 
The adoption of AI shows the same patterns as other revolutionary technologies of the past. 
According to Amara's law [95], the impact of a new technology is typically overestimated in the short 
term and underestimated in the long term because the application context of that innovation needs to 
change in order for that potential to emerge. It is not the same to develop a successful proof of concept 
with high efficiency and effectiveness ratio compared to implementing this tool at an operational 
level in all the company's factories. A company's plants spread across the globe may have different 
machinery, different data patterns and different processes. The use of AI can also scale vertically in 
the organisation, with different departments making different use of the outcomes of the AI 
developments. Another dimension of scalability is time. Training an artificial neural network can take 
considerable amount of time and computing power, whereas applying the trained model for inference 
requires few resources and has low latency. It is necessary to consider the multidimensionality of 
scale to deploy AI solutions across the entire enterprise. 

 

6.7 Regulatory changes 
From the General Data Protection Regulation (GDPR) release to the new regulations that plan to 
regulate AI [18], there are many disciplines and sectors that have been affected. As business leaders 
adapt to regulations, there is a growing concern about the impact of upcoming regulations that could 
directly affect their operations. There is particular concern about over-regulation (50%) and industry-
specific regulations (54%) [96] [97]. The emergence of AI and massive data processing also 
collaterally affect other aspects such as labour, work safety and environmental issues that may be 
affected by new standards. 
Data protection and privacy issues are a source of great concern for industry leaders, with 78% 
showing increasing concern in a recent EY survey [97]. 

 

6.8 Explainability 
The lack of explainability of AI models poses a risk in almost all industries, and manufacturing is no 
exception. In some sectors, such as healthcare, the stakes are particularly critical when it comes to a 
recommendation for a patient's treatment. Moreover, the lack of explainability may bring another 
risk: the lack of adoption of AI and the risk of falling behind the competition. Without an explainable 
model, adoption by frontline workers is almost impossible [98]. Workers need to trust AI decisions 
not only for better efficiency but for their own safety. When heavy robots move in an environment 
shared with humans or a tool that recommends handling hazardous material in a certain way, workers 
need to feel confident that that decision is safe and sound. Consequently, explainability is an area of 
great interest in the industry, given its high intrinsic value. Companies are facing several barriers to 
develop explainable AI [36]: 
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63% Lack of skills and training to develop and manage trustworthy AI 

60% AI governance and management tools that do not work across all data 
environments 

59% Lack of AI strategy 

57% AI outcomes that are not explainable 

57% Lack of company guidelines for developing trustworthy, ethical AI 

57% AI vendors who do not include explainability features 

56% Lack of regulatory guidance from governments or industry 

56% Building models on data that has inherent biases (social, economic, and 
so on) 

 
These barriers are down 2-3% compared to 2021. Across most countries, IT professionals are 
focusing on data privacy as the first step to achieve trustworthy AI [36]. 
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7 Ethical Dimension: Trustworthy AI 
 
In this accelerated Digital Transformation process for Industry 4.0, we find that many decision-
makers, feel lost on how to properly apply AI, how to benefit their company and customers from data 
analytics and how to transform to improve not only the existing services but the internal processes 
too. In this Digital Transformation process is crucial that companies take into consideration the ethical 
dimension of the use of AI in data analytics. The industry needs a vision of how to integrate AI 
ethically to guarantee fair and unbiased services for the citizens and their workers. The explosion of 
AI technologies with connected benefits and risks puts AI at the centre of a global discussion that is 
having profound implications in our societies, in the way we live and communicate with the others. 

 
As AI gains greater impact on industries and society, consumer's and worker's trust is also becoming 
a priority. For both, it is essential to be able to determine how AI systems make decisions that can 
affect the product or production process. The use of reliable and transparent AI can be a determining 
factor in consumers' choice of company. The perception of the importance of trustworthy AI increases 
with the degree of maturity it reaches in the company, with IT professionals who have deployed AI 
being 17% more concerned about trustworthy AI than those who are just exploring AI solutions for 
their business [36]. These are the companies' most valued aspects of trustworthy AI reported by the 
IBM AI Global Adoption Index: 
 

56% Maintaining the integrity of their brand and the trust of their customers 

50% Meeting external regulatory and compliance obligations 

48% Having the ability to govern data and AI across the lifecycle 

45% Meeting internal reporting obligations 

43% Ensuring applications and services minimize bias 

 
Ethics is a broad concept of philosophy that seek to answer questions regarding human morality that 
aims to determine what are considered good and bad actions. One of the main challenges of today's 
globalised world is to define sets of ethical values or norms that reach a general acceptance, due to 
social, economic and cultural differences among different regions. Nowadays our society is ruled by 
a set of laws defined either at primary level, such as the Universal Declaration of Human Rights, and 
secondary level with national or international laws (e.g. General Data Protection Regulation of the 
European Union). However, regulations are in general a slow process that cannot follow the pace of 
technology progress. The EU Commission is doing significant efforts coping with technology 
progress releasing a draft regulation on the uses on AI [99]. The main question remains, how can AI 
systems be designed to align with ethical, legal, socioeconomic and cultural (ELSEC) principles? AI-
based systems are only as good as the data and rules designers feed into them. If the data is biased or 
incomplete, then the decisions made by the AI programs are also biased or are least inaccurate. Bad 
data can result in codifying implicit racial or gender biases into AI-based systems programs, for 
instance [100]. 
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The manufacturing sector, more focused on producing goods than services, is not exempt from 
presenting potential ethical and legal risks in the different AI applications that we review in section 
4. To name a few examples, industrial robots can cause accidents that involve human beings working 
with them. Products designed with the help of AI could contain design errors that later cause 
unintentional harm to customers or other citizens (e.g. autonomous vehicles) while failures in 
predictive maintenance systems could lead to fatal work accidents. 

 
In 2018, the European Commission created the High-Level Expert Group on AI (AI HLEG), 
composed of 52 representatives of academia, civil society and industry. The aim of this group is to 
shape the European Strategy on AI by proposing guidelines and actionable questions related to 
ethical, legal and societal aspects of AI. The aim of the guidelines is to establish the main principles 
and requirements that any AI system should fulfil in order to build trust to the society [101]. The EU 
approach of Trustworthy AI is based on three main concepts, which should be met throughout the 
system’s entire life cycle: 

 
1. it should be lawful, complying with all applicable laws and regulations; 

2. it should be ethical, ensuring adherence to ethical principles and values; and 
3. it should be robust, both from a technical and social perspective since, even with good intentions, 
AI systems can cause unintentional harm. 
 
Each component in itself is necessary but not sufficient for the achievement of Trustworthy AI. 
According to the AI HLEG, all three components work in harmony and overlap in their operation. 
In order to implement these ethical principles, the AI HLEG defines seven concrete requirements 
that should be covered to build Trustworthy AI systems:  

 
(i) Human Agency and Oversight:  

AI systems should empower human beings, allowing them to make informed decisions 
and fostering their fundamental rights. 

(ii) Technical Robustness and Safety: 
 AI systems should be designed to be safe, reliable and secure, preventing risks and 
unintentional and unexpected harms. 

(iii) Privacy and Data Governance: 
 AI systems should be designed to be safe, reliable and secure, preventing risks and 
unintentional and unexpected harms. 

(iv) Transparency;  
AI systems should be transparent: humans should always be aware that they interact 
with a product/service empowered with AI, its purpose, limitations and data usages. It 
should be possible to demand an explanation of the AI system’s outcomes adapted to the 
user expertise. 

(v) Diversity, Non-discrimination and Fairness;  
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AI systems should facilitate inclusion and foster diversity. It should also be ensured that 
all society members have equal access and equal treatment in using or interacting with 
an AI system. 

(vi) Societal and Environmental Well-being;  
AI systems should be sustainable and its design should take into account the impact on 
society and the environment. Ideally, AI systems should be used to benefit all human 
beings, including future generations. 

(vii) Accountability. 
AI systems should ensure the identification of responsibility and, if required, be open to 
the public scrutiny. If something goes wrong, adequate redress should be ensured. 

 
 
These requirements are applicable and should be reviewed during the life-cycle of   the system (i.e. 
development, deployment and use) and can involve different stakeholders at each phase. Different 
methodologies and toolkits have been created since the release of the trustworthy guidelines to help 
designers and developers to cope with the ELSEC requirements to try to achieve compliance with 
trustworthy AI. The HLEG proposed in 2019 a first version of Assessment List for Trustworthy AI 
(ALTAI), a practical tool that tried to operationalize the requirements into a self-assessment 
checklist. The tool was piloted with 350 stakeholders to revise and improve it, until they presented 
the final version in July 2020 [102].   

 

7.1 Other Frameworks 
In recent years, the field of ethics related to artificial intelligence has received much attention. Apart 
from the trustworthy guidelines proposed by the European Commission, many other institutions have 
proposed ethical frameworks and guidelines. Algorithm Watch launched a project to map ethical 
frameworks and guidelines to lay down ethical principles for artificial intelligence systems [103]. 
They have listed more than 160 contributions, some as prominent as the IEEE [104] or the OECD 
[105] proposals. The study reveals that very few have a control mechanism (10), and most have been 
created in Europe or the United States. In these 160 contributions, the private sector, governments 
and civil society are more or less equally represented. These proposals are very heterogeneous in 
content, some limited to a simple page with vaguely defined principles to detailed guidelines such as 
the IEEE one. Most of the guidelines are limited to vague formulations and do not present control or 
enforcement mechanisms, making it challenging to implement them in a real business environment. 
Nevertheless, ethics in AI systems is a concerning issue that is being tackled from the regulatory 
perspective, for instance, with the European Commission AI Act [99]. 
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8 AI4EU Integration 
One of the purposes of this document is to report the synergies created with the AI-On-Demand 
Platform AI4EU [106]. These synergies can be two-fold: a) interacting with the AI4EU asset 
repository, using their assets for the KnowlEdge purposes and also  contributing to the AI4EU 
repository with assets developed in the  project following their established publication procedures 
and quality standards and b) document here existing resources existing in the AI4EU community 
related with industry and manufacturing sectors, specially the AI4EU  industry pilot and sharing the 
outcomes of KnowlEdge with the AI4EU community to escalate the impact and collect feedback. 
These dissemination and networking actions will also be reported in T9.1 and T9.5 actions.   
 

8.1 AI4EU 
As part of the European AI strategy, the European Commission included within its Horizon2020 
(H2020) funding program an ambitious call to develop the European artificial intelligence platform 
with the challenge to foster the potential of AI technologies at the service of the economy and society. 
Intended to build on top of Europe's scientific and technological strengths in the field, the platform 
should strengthen industrial competitiveness in all sectors, including SMEs and non-tech industries, 
and help address societal challenges (e.g. healthcare, energy). Therefore, the ambition was to enable 
the European AI community to deliver the knowledge, resources and expertise to society and business 
fabric. In doing so it generates impact in the market and in society by creating an AI ecosystem for 
all spheres, including non-technological ones. 
 
In January 2019, the AI4EU consortium was established to build the first European Artificial 
Intelligence On-Demand Platform and Ecosystem with the support of the European Commission 
under the H2020 programme [107]. Among the activities of the AI4EU project we highlight: 
 

• The creation and support of a large European ecosystem spanning the 27 countries to 
facilitate collaboration between all Europeans actors in AI (scientists, entrepreneurs, SMEs, 
Industries, funding organizations, citizens, etc.); 

 

• The design of a European AI on-Demand Platform to support this ecosystem and share AI 
resources produced in European projects, including high-level services, expertise in AI 
research and innovation, AI components and datasets, high-powered computing resources 
and access to seed funding for innovative projects using the platform;  

 

• The implementation of industry-led pilots through the AI4EU platform, which demonstrates 
the capabilities of the platform to enable real applications and foster innovation; 

8.2 AI4Industry 
One of the main goals of the AI4EU initiative is to demonstrate the value of the platform as an 
innovation tool solving specific industry AI-related technical challenges. The AI scenario for 
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manufacturing sector was realized in an experimental production setting to show how promising AI 
functionalities can facilitate improvements in production performance. 
 
The AI4Industry pilot, involving Siemens AG, Technical University Wien and Fraunhofer IAIS, 
focused on flexible manufacturing as a critical element in Industry 4.0 challenges. Complete 
automation and the possibility to quickly adapt production to various customer requirements will 
cause considerable advances in large-scale manufacturing. Symbolic and Machine Learning 
techniques are constantly being developed, tested, and implemented to construct 'smart' factories. 
However, these techniques cannot simply be integrated into the industrial setting and completely 
automate the systems. Human operators need to have transparency and understanding of AI's 
decision-making processes in manufacturing to build trust in such technologies. The AI4Industry 
pilot focuses on developing methods for aiding flexible manufacturing in smart factories and 
advancing the area of Explainable AI (XAI) to put humans in the loop and foster flexible 
manufacturing3. The idea of the pilot is to showcase methods for aiding flexible manufacturing in an 
experimental facility, present the usefulness of these methods and the possibility to implement them 
in a large-scale industrial environment later. 
 
The experimental facility represents a small-scale factory for producing plastic cans closed with 
plastic lids as a sort of a toy product. The setup is equipped with: 

• 2 assembly modules (modules that perform cap on can assembly – module 1 puts red or blue 
caps, module 2 puts red or white caps on cans),  

• 1 feeding station (that puts cans into production and can optionally insert a metal inlay in the 
product),  

• 1 sorting station (which sorts the final products into a customer or user preference), and, 
finally,  

• 1 disassembly station (which consists of 2 parts – a robotic manipulator that takes products 
and moves them to a holding place where it disassembles them afterwards).  

This setup was designed to demonstrate how the proposed AI methods perform, what it means to add 
flexibility and transparency to the system, and how we can scale these methods to large facilities. 
The problem to solve is divided into two parts: adding flexibility and adding transparency to 
manufacturing. The AI4Industry pilot tackles three main research areas correlated to 3 approaches to 
solve the problem: Skill Matching and Explanations, Planning, and Time Prediction. 
 
Modelling skills of the different machinery through semantic technologies like ontologies can allow 
reasoning over the domain, for instance to reconfigure machines to work with different elements or 
reconfigure production plans. The AI4Industry pilot is finalizing the execution phase and entering the 
assessment phase, its outcomes can be found in the AI4EU platform3. 
 
In the last stage of the AI4EU project, the whole platform was reworked from scratch. Now it includes 
a section dedicated to the Manufacturing sector, referencing projects, events and assets related with 
AI and manufacturing4. 

 
 

 
3 https://www.ai4europe.eu/node/106 
4 https://www.ai4europe.eu/business-and-industry/manufacturing 
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8.3 KnowLedge Integration 
One of the missions of this document is to report the collaboration synergies between KnowlEdge 
and AI4EU. During this period, the KnowlEdge project has been added by members of the consortium 
to the AI4EU platform, joining the community of AI-related projects funded by the European 
Commission that are portrayed on the platform. 

 

Figure 33 knowlEdge project listed in the AI4EU portal 



Towards AI powered manufacturing services, processes, and products in an edge-to-cloud-knowlEdge 
continuum for humans [in-the-loop]  – www.knowlEdge-project.eu 

 
 

 
D2.3 Market Radar and Technology Adaptations (Updated) - Vs: 2.7 - Public 56 / 86 

 

 
Figure 34 knowlEdge project profile in the AI4EU Community 

 
 

 
With the integration of knowlEdge to the AI4EU community, it will be possible to increase the 
dissemination of events and news generated by Knowledge, as well as make valuable works for the 
community visible, such as this report. In collaboration with WP9, actions will be carried out until 
the end of the project and beyond to circulate the results and progress of the project to the entire 
AI4EU community. As part of these actions, the consortium also has portrayed the use cases of 
knowlEdge project in the AI4EU platform, to showcase potential applications in the manufacturing 
sector. 
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Figure 35 knowlEdge case studies portrayed in AI4EU platform 

 

8.4 AI4EU Repository 
The AI4EU platform offers an AI Catalog repository5, where the registered user can find many 
different AI resources in the form of libraries, datasets, models, software packages, etc. These 
resources are offered in a diverse licensing format (from open source to commercial) and cover a 
wide array of business sectors, including manufacturing.  Part of the KnowlEdge initiatives is to create 
a synergy with the AI4EU asset repository, integrating those with potential in our platform or 
contributing with more assets to the global AI4EU portfolio. During the last year of the AI4EU project 
the whole platform has been reworked and also has affected the AI Catalog. Figure 36 shows how the 
different assets are characterized in the updated version of the platform and what information needs 
to be provided. 
 

AI Resource Description 

Title 

Main Characteristic (max 100 chars) 

List of keywords 

Detailed Description 

 
5 https://www.ai4europe.eu/research/ai-catalog 
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Technical Category 

AI ethics 
AI services 

Audio processing 
Automated reasoning 
Commonsense reasoning 

Computer vision 
Connected and automated vehicles 

Constraints and satisfiability 
Knowledge Representation 

Machine learning 
Multi-agent systems 

Natural language processing 
Optimisation 

Philosophy of AI 
Planning and scheduling 

Robotics and automation 
Searching 

Research Areas 

Collaborative AI 
Explainable AI 

Integrative AI 
Physical AI 
Verifiable AI 

Business Category 

Agriculture 
Cloud, Edge and Infrastructure 

Cultural Heritage 
Earth Observation 

Energy 
Healthcare 

Manufacturing 
Maritime Sector 

Public Services 
Regional Engagement - DIHs 

Telecommunications 
Transportation 

Asset Type 
As A Service 

Dataset 
Docker container 

Executable 
Jupyter Notebook 

Library 
ML Model 

Tutorial 

License Type 

2-clause BSD license (BSD-2-Clause) 
3-clause BSD license (BSD-3-Clause) 

Apache License 2.0 (Apache-2.0) 
Boost Software License 1.0 

BSD+Patent (BSD-2-Clause-Patent) 
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Common Development and Distribution License 1.0 (CDDL-1.0) 

Creative Commons Attribution 4.0 International License 
Eclipse Public License 2.0 (EPL-2.0) 

GNU General Public License (GPL) v3 
GNU Lesser General Public License (LGPL) 
MIT license (MIT) 

Mozilla Public License 2.0 (MPL-2.0) 
Other 

Documentation & References 

Keywords 

Legal & Ethics (compliance with GDPR and trustworthy AI ELSEC values defined by the 
HLEG [102]) 

Publisher of the Resource 

Organisation Contact Details 

AI asset URL 
Figure 36 AI4EU asset description template 

 

Assets relevant for KnowlEdge 
In this section we will keep a list of relevant AI assets for KnowlEdge that fall into the manufacturing 
category in the AI Catalog. Other assets with potential might also be included. For the latest updated 
list, you can check the AI4EU AI Catalog website6. We will organise the assets by AI application as 
described in section 3, reporting them following this format: 

 

Name Type (License) 

Description 

Institution Technical Categories and 
Keywords 

 
 
 
In summary, we have counted 10 resources available on the platform related to manufacturing. From 
the previous version of the platform, that contained 35 assets, it seems that now they have been 
curated to a reduced number.  
 

 
6 https://www.ai4europe.eu/research/ai-catalog 
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Semantic Middleware7 Executable (CCA4.0) 

The Semantic Middleware offers semantic mechanisms of selection of the information to be 
subscribed by the data consumers, while other existing solutions of middleware currently available 
in the literature provide only static methods for the subscription. In particular, the middleware 
allows to express consumer requests and publisher updates according to a common semantic model. 

National Research Council - CNR Knowledge Representation 
#Middleware, #Ontologies, 
#Semantic Interoperability 

 
Vibration sensor measurements in a robotic wrist8  Dataset (CCA4.0) 

The robotic wrist demonstrator represents a mechanical wrist with three axes that can hold tools, 
e.g. for spray painting in combination with a pump. On this robotic wrist, two accelerometers are 
mounted for vibration monitoring and recording: one in the movable front part of the wrist and one 
in the shaft. The wrist can be controlled through the torque or the designated position of each axis’ 
motor. 
The dataset consists of 1.8 billion measurements of several sensor data of the robotic wrist in 1-
second intervals over six months in 2020. The data is split by the recording date over 98 files. 
Simula Research Laboratory 
 

Machine Learning, Robotics 
and Automation 

 

Vibration sensor measurements in a robotic pump9  Dataset (CCA4.0) 

The robotic pump demonstrator represents a hydraulic pump that can be mounted on an industrial 
robot, for example, to pump liquid paint for spray painting. On this pump, one accelerometer is 
mounted for vibration monitoring and recording. 
The pump can be controlled in terms of speed (rotations per minute, rpm), affecting the throughput 
of paint and the pressure in and out of the pump. 
The dataset consists of 380 million measurements of several sensor data of the pump system in 1-
second intervals over two months in 2020. The data is split by the recording date over 33 files. 
Simula Research Laboratory 
 

Machine Learning, Robotics 
and Automation 

 

 

RL4MachineTuning10  Library (CC BY-NC 3.0) 

The RL4MachineTuning library proposes the creation of a tool embedding reinforcement learning 
(RL) applied to the tuning of industrial machine parameters to optimize the target application. The 
RL4MachineTuning library embeds an RL methodology, having the possibility to exploit user-
specified reward/penalty functions, user-specified inputs, and user-specified outputs for the 

 
7 https://www.ai4europe.eu/research/ai-catalog/semantic-middleware 
8 https://www.ai4europe.eu/research/ai-catalog/vibration-sensor-measurements-robotic-wrist 
9 https://www.ai4europe.eu/research/ai-catalog/vibration-sensor-measurements-robotic-pump 
10 https://www.ai4europe.eu/research/ai-catalog/rl4machinetuning 
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definition of the objective of the RL. These features make this library general and applicable to a 
wide range of applications, even outside the industrial context. 
SUPSI Machine Learning, 

#Reinforcement learning, 
#Bayesian optimization 

 
 

VisioRed, A Visualisation Tool for Interpretable 
Predictive Maintenance11 Docker Container (GPLv3) 

This component introduces a visualisation tool incorporating interpretations to display information 
derived from predictive maintenance models, trained on time-series data. Dataset: 
https://ti.arc.nasa.gov/tech/dash/groups/pcoe/prognostic-data-repository/#turbofan/ Explanation 
techniques: LioNets, LIME, iPCA Related publication: https://arxiv.org/pdf/2103.17003.pdf 
(submitted to conference) 

Intelligent Systems Lab - School of Informatics - 
Aristotle University of Thessaloniki 

Machine Learning, Robotics and 
Automation 
#interpretable_machinelearning, 
#predictive_maintenance, 
#prescriptive_maintenance 

 
 

 

open_DC_motor12  Dataset (MIT) 

The dataset contains raw data of vibration, voltage, current consumption and temperatures of a 
small DC motor and a spreadsheet of signal processing characteristics of each raw file. 
CARTIF Technology Centre #predictive_maintenance 

 

SUNNY-CP13 Docker Container (Apache2.0) 

sunny-cp [5] is a parallel portfolio solver that allows one to solve a Constraint 
(Satisfaction/Optimization) Problem defined in the MiniZinc language. It implements the SUNNY 
algorithm and extends its sequential version (see detailed description). sunny-cp is built on top of 
state-of-the-art constraint solvers, including: Choco, Chuffed, HaifaCSP, JaCoP, MinisatID, OR-
Tools, Picat, Chuffed, and Gecode. 
University of Bologna Constraints and satisfiability 

#Constraint Programming, #Algorithm 
selection, #Constraint Optimization 

 

 
11 https://www.ai4europe.eu/research/ai-catalog/visiored 
12 https://www.ai4europe.eu/research/ai-catalog/opendcmotor 
13 https://www.ai4europe.eu/research/ai-catalog/sunny-cp 
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Time prediction for flexible manufacturing14 Jupyter Notebook (MIT) 

The code provides functions for training and evaluation of a stacked LSTM model with spatial 
dropout. It predicts the duration of production per item for a given production plan. The products 
have different configurations (in this example we have three different colors). In the prepocessing 
the function can add padding to the sequence of products such that the LSTM trains well even if 
the starting time of the items is irregular. 
Fraunhofer-Gesellschaft 
 

Machine Learning, 
#LSTM, #Simulation, #Deep 
Learning, #Time Series 

 

Group-Leader Tracker15 Executable  (Other) 

This asset includes motion triggers and spatial interactions as an artificial cognitive process to be 
endowed in a robotic assistant or intelligent vision system. It can track and reason about social 
grouping with highly defined roles, in order to collaborate and support humans dealing with large 
groups of people. 
Universitat Politècnica de Catalunya 
 

Computer Vision, Robotics 
and Automation 
#Human motion analysis, 
#Group categorization, 
#Group tracking, #Leader 
detection, #Social AI 

 

LioNets on Time Series16 Jupyter Notebook (GPL) 

In this asset, the code of LioNets (v2.0) is supporting two python notebooks, which present two 
ways to interpret a binary classifier and a remaining useful lifetime predictor on an engine 
degradation dataset from NASA. 
Intelligent Systems Lab - School of Informatics - Aristotle 

University of Thessaloniki 
 

Machine Learning, 
#LSTM, #Simulation, #Deep 
Learning, #Time Series 

 
 

 
14 https://www.ai4europe.eu/research/ai-catalog/time-prediction-flexible-manufacturing 
15 https://www.ai4europe.eu/research/ai-catalog/group-leader-tracker 
16 https://www.ai4europe.eu/research/ai-catalog/lionets-time-series 
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8.5 AI4EU Community 

8.6 ICT38 AI4EU related projects 
KnowlEdge is one of the projects funded under the H2020 ICT38 call, with the focus on integrating 
state-of-the-art AI technologies in the manufacturing domain, for example in agile production 
processes and predictive quality, taking into account the domain-specific requirements in terms of 
time criticality, safety and security, finding effective ways for collaboration between humans and AI 
systems, and exploiting the strengths of both humans and machines while keeping the human in 
control. As part of this market analysis and diving into the ICT26 AI4EU ecosystem, we will 
introduce the other projects funded under the ICT38 call. 

 

AI-PROFICIENT  
Artificial Intelligence for improved 
PROduction efFICIEncy, quality and 
maiNTenance  
The AI-PROFICIENT project will pave the way for integration of advanced AI technologies to 
manufacturing domain through an evolution from hierarchical and reactive decision making to self-
learning and proactive control strategies. The proposed approach is underpinned by predictive and 
prescriptive AI analytics at both component and system level, by cross-fertilizing edge and 
platform AI, while leveraging the human knowledge and feedback for reinforcement learning 
(human-in-the-loop). AI-PROFICIENT aspires to bring advanced AI technologies to 
manufacturing and process industry, while improving the production planning and execution, and 
facilitating the collaboration between humans and machines. Taking the full advantage of AI 
capabilities and human knowledge, AI-PROFICIENT will develop proactive control strategies to 
improve the manufacturing process over three main vectors: production efficiency, quality and 
maintenance. AI-PROFICIENT will increase the positive impact of AI technology on the 
manufacturing process as a whole, while keeping the human in central position, assuming 
supervisory (human-on-the-loop) and executive (human-in-command) roles. AI-PROFICIENT 
intends to identify the effective means for human-machine interaction, while respecting the safety 
and security requirements and following the ethical principles, in order to enable: event 
identification and prediction, operation scenarios simulation, transparent decision and optimal 
control, and personalized shop-floor assistance. Such an approach will ensure that the ambitious, 
but realistic project targets, namely to improve production planning and execution, as well as to 
facilitate the human-machine collaboration, are achievable for the European manufacturing and 
process industry. The implementation of this novel concept will be based on the results of several 
recently finished European R&D projects, which will be demonstrated in two pilot sites, under 
different scenarios of significant economic value. 

AI-PROFICIENT expected results: 
• Smart components for embedded AI at system edge 
• IIoT for smart component integration and interoperability 
• AI prognostics for system degradation and health state assessment 
• AI enabled decision-making for quality assurance 
• Semantic lifting and model agnostic techniques for XAI 
• Hybrid digital twins and process modelling 
• Generative optimization of production processes (human in the loop) 
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• Role-specific visualization for transparent AI decision support 
• ‘Ethics by Design’ Approach 

 
Considered Use Cases [Continental, INEOS] 
Machinery restart set-up, Material extrusion optimization, Tread blade wear, Tread alignment, 
Quality analysis, Reactor stability, Image recognition, Rheology drift 
D1.3 Pilot-specific demonstration scenarios (PDF) 

 
Benoit Iung  

benoit.iung@univ-lorraine.fr 

https://ai-proficient.eu/ 
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ASSISTANT 
leArning and robuSt deciSIon SupporT systems for 
agile mANufacTuring environments 

 
To keep manufacturing production competitive, managers must design and manage complex 
collaborative and reconfigurable production systems that make maximum use of new technologies. 
However, this still requires much research to unleash the full benefit of digital tools for 
manufacturing. The EU-funded ASSISTANT project aims to develop breakthrough solutions for 
the manufacturing industry, using artificial intelligence to optimise production systems. One of the 
keystones of ASSISTANT is the creation of intelligent digital twins. By combining machine 
learning, optimisation, simulation, and domain models, ASSISTANT develops tools and solutions 
providing all required information to help production managers design production lines, plan 
production, and improve machine settings for effective and sustainable decisions that guarantee 
product quality and safety. 
ASSISTANT provides decision makers with generative design-based software for all 
manufacturing decisions. Rather than writing ad hoc code for each manufacturing sector, it 
provides a set of intelligent digital twins that self-adapt to the manufacturing environment. It 
promote a methodology that enhances generative design with learning aspects of AI thanks to the 
data available in manufacturing. ASSISTANT aims to synthesize predictive/prescriptive models 
adjusted to the shop floor for each decision levels. Digital twins will be used as oracles by ML in 
order to converge towards models in phase with reality. This means that rather than writing specific 
code to cover a restricted set of goals/scenarios/hypotheses for a manufacturing system and a 
decision level, ASSISTANT will aim at learning models that can be used by standard optimization 
libraries. In this context, ML is used to predict parameter values, characterize parameters 
uncertainty, and acquire physical constraints. ASSISTANT will experiment this methodology on a 
significant panel of use cases selected for their relevance in the current context of the digital 
transformation of production in major manufacturing sectors undergoing rapid transformations like 
the energy, the industrial equipment, and automotive sectors which already make extensive use of 
digital twins. 
ASSISTANT expected results: 

• Digital twin for production planning and scheduling 
• Digital twin for process planning  
• Real-time control and actuation of production systems 
• Ethics and human centric toolbox for manufacturing 

Considered Use Cases [Stellantis, Atlas Copco, Siemens Energy AG, PSA Group] 
Human-Robot collaboration in real time actuation, compressor airend production adaptive 
measurement strategy, virtual assistants, automated process planning for compressors, energy and 
automotive products, production planning and scheduling for rotors and windmill blades 
Requirements for multi-level flexible production 
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Requirements for Intelligent digital twin for process planning  
Requirements for multi-level reconfigurable manufacturing execution 
 
Félicien Barhebwa – Mushamuka, PhD 
https://assistant-project.eu/contact/ 

https://assistant-project.eu/ 
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COALA 
COgnitive Assisted agile manufacturing for a LAbor 
force supported by trustworthy Artificial Intelligence 

 
Humans are at the center of knowledge-intensive manufacturing processes. They must be skilled 
and flexible to meet the requirements of their work environment. The training of new workers in 
these processes is time consuming and costly for companies. Industries, such as the Italian textile 
sector suffer from the shortage of skilled workers caused, e.g. by the demographic change. A 
second challenge for the manufacturing sector is the continuous competition through high quality 
products. COALA will address both challenges through the innovative design and development of 
a voice-first Digital Intelligent Assistant for the manufacturing sector. The COALA solution will 
be based on the privacy-focused open assistant Mycroft. It integrates prescriptive quality analytics, 
AI system to support on-the-job training of new workers, and a novel explanation engine - the 
WHY engine. COALA will address AI ethics during design, deployment, and use of the new 
solution. Critical components for the adoption of the solution are a new didactic concept to reach 
workers about opportunities, challenges, and risks in human-AI collaboration, and a concurrent 
change management process. Three use cases (textile, white goods, liquid packaging) will evaluate 
the results in common manufacturing processes with significant economic relevance. COALA will 
contribute its results to the European AI community, e.g. via the AI4EU platform, and it will 
involve Digital Innovation Hubs to replicate its demonstrators for Europe’s first trustworthy digital 
assistant for the manufacturing industry. We expect to reduce the failure cost in manufacturing by 
30-60% with the prescriptive quality analytics feature and the assisted worker training. For the 
change over time we expect a reduction of 15% to 30% by shortening the worker training time. 
COALA expected results: 

• Digital Intelligent Assistant Core, to explain, advice, predict and inform manufacturing 
workers 

• WHY Engine, a experimental solution component to provide explanations concerning 
advices and predictions provided by DIA 

Considered Use Cases [Piacenza, Whirlpool, Diversey] 
Reduce cost and time for machine operator training in textile industry, shopfloor contextual real-
time information, evaluate worker skill level, ai-assisted zero-hour testing of microwave and oven 
quality, detergent production line reconfiguration optimization, production line manager training 
Joint COALA requirements 
Karl Hribernik 
info @coala-h2020.eu 

https://www.coala-h2020.eu/ 
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EU-JAPAN.AI 
Advancing Collaboration and 
Exchange of Knowledge Between 
the EU and Japan for AI-Driven 
Innovation in Manufacturing  

Artificial Intelligence technology is already having a great impact in many areas, especially 
including the manufacturing sector. The integration of AI with advanced manufacturing 
technologies and systems makes it possible to exploit the full potential in the manufacturing 
industry by achieving a higher level of adaptability, efficiency and robustness. At the same time, 
such systems will be human-centric and promote the inclusion and cooperation with humans during 
planning and execution which can help to improve the quality of products and processes. Both the 
EU and Japan have recognised these new development trends and their importance. In order to 
widely deploy these technologies, special attention is given to international cooperation and 
exchange of knowledge between EU and Japan for AI-driven innovation in manufacturing. The 
EU-Japan.AI project is responding to this need by implementing a platform-based approach to 
connect all the relevant stakeholders from EU and Japan working on AI applications for 
manufacturing. This platform, besides other tools, will include an open-information hub, 
encouraging the exchange of information on the respective research programmes and technological 
results. This will be supported by distribution of topic relevant materials, information on upcoming 
events and matchmaking opportunities and twinning activities to establish a vibrant and connected 
network at the heart of the platform, where a community of practice approach will facilitate the 
cooperation of all the participants. Convergence workshops will help to establish how research and 
innovation projects should address AI for manufacturing, the needs and requirements for AI from 
the point of manufacturers’ view as well as to address current needs and future requirements. 
Overall, the project aims to establish, stimulate and support a long-term cooperation between the 
participants, by connecting them via the project’s platform and by using modern, online-driven 
awareness approaches. 
 

EU-JAPAN.AI results: 
• Platform (https://www.eu-japan.ai/) 
• Research roadmaps 
• Stakeholder maps 
• Manufacturing assets library (experts, strategies, knowledge base, resources) 

office@eu-japan.ai https://project.eu-japan.ai/ 
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MAS4AI 
Multi-Agent Systems for Pervasive Artificial 
Intelligence for assisting Humans in Modular 
Production Environments  
European industry has been very competitive on the global markets by utilizing highly efficient 
Artificial Intelligence (AI) tools and massively producing high quality products. The advent of 
mass customization has been stressing the capability of modularization and flexibility of production 
processes through the incorporation of AI technologies. However, the communication between the 
different automation systems has not been yet accomplished efficiently since they lack 
interoperability and are restricted to their own system of coordination. The MAS4AI proposal 
proposes a system that allows the deployment and synchronization of different AI agents in 
manufacturing for autonomous modular production and human assistance. The MAS4AI system 
will be heavily driven by large industrial cases and will aim towards digitizing European industry 
with AI tools according to the Industry 4.0 paradigm. MAS4AI will develop its overall ambition 
by the means of four Scientific and Technological objectives namely: a) Multi-Agents-System 
(MAS) for distributing AI components in different hierarchy layers, customers and suppliers for 
realising refurbishment activities, b) AI agents using knowledge-based representation with 
Semantic Web Technologies, c) AI Agents for hierarchical planning of production processes, d) 
model-based Machine Learning (ML) AI agent. MAS4AI research and technological activity will 
be strongly driven by a set of industrial use cases which will be then used as demonstrators. The 
demonstrators involve important industrial sectors of high value added for Europe, namely AI 
technologies used for automotive, contract manufacturing, bicycle industry, bearings production 
and wood processing industry. 
 

MAS4AI expected results: 
• Multi-Agent-System – for distributing AI components in different hierarchy layers 
• AI agents – using Knowledge-based Representation with Semantic Web Technologies 
• AI Agents – for hierarchical planning of production processes 
• ML agents – using model-based machine learning techniques 

Considered Use Cases [DFKI, Volkswagen AG, VDL, Baltik Vairas, Fersa Bearings, SCM 
Group] 
task scheduling, image-based quality inspection, logistics optimization, production optimization, 
process planning optimization, automated re-planning 
 
Use cases requirements and specifications 
info@mas4ai.eu https://mas4ai.eu/ 
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STAR 
Safe and Trusted Human Centric Artificial 
Intelligence in Future Manufacturing Lines 

 
 

AI systems in industrial plants must be safe, trusted and secure, even when operating in dynamic, 
unstructured and unpredictable environments. STAR is a joint effort of AI and digital 
manufacturing experts towards enabling the deployment of standard-based secure, safe reliable 
and trusted human centric AI systems in manufacturing environments. STAR will research and 
make available novel technologies that will enable AI systems to acquire knowledge in order to 
take timely and safe decisions in dynamic and unpredictable environments. Moreover, it will 
research technologies that enable AI systems to confront sophisticated adversaries and to remain 
robust against security attacks. STAR will research and integration leading edge AI technologies 
with wide applicability in manufacturing environments, including: 
• Active learning systems that boost safety and accelerate the acquisition of knowledge. 
• Simulated reality systems that accelerate Reinforcement Learning (RL) in human robot 
collaboration scenarios. 
• Explainable AI (XAI) systems that boost the transparency of industrial systems and increase the 
trust on them. 
• Human-centric digital twins enabling worker monitoring for safer and trustful production 
processes. 
• Advanced RL techniques for optimal navigation of mobile robots and for the detection of safety 
zones in industrial plants. 
• Cyber-defence mechanisms for sophisticated poisoning and evasion attacks against deep neural 
networks operating over industrial data. 
These technologies will be validated in challenging scenarios in manufacturing lines in the areas 
of quality management, human robot collaboration and AI-based agile manufacturing. STAR will 
eliminate security and safety barriers against deploying sophisticated AI systems in production 
lines. The results will be fully integrated into existing EU-wide initiatives (EFFRA, AI4EU), as a 
means of enabling researchers and the European industry to deploy and leverage advanced AI 
solutions in production lines.  

STAR expected results: 
• Reference Architecture and Platform Implementation for Safe, Reliable, Secure and 

Human-Centric AI in Manufacturing 
• Reliable AI and Human-Centric Knowledge Acquisition based on Simulated Reality and 

Active Learning 
• Cyber Security and data Reliability for AI Systems in Manufacturing Environments 
• Legal, Regulatory and Policy Making Guidelines for Ethical AI 
• Human-centered Simulations and Digital Twins for Safe AI Systems in Manufacturing 

Considered Use Cases [DFKI, IBER-OLEFF, Philips] 
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quality inspection, human-cobot collaboration, agile manufacturing, product customization, safe 
robot navigation 
 
 

info@star-ai.eu https://star-ai.eu/ 
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TEAMING.AI 
Human-AI Teaming Platform for Maintaining and 
Evolving AI Systems in Manufacturing 

 
Smart Manufacturing is believed to play a critical role in maintaining the competitiveness of 
organisations, by supporting them at different levels such as process optimisation, resource 
efficiency, predictive maintenance and quality control. Nevertheless, AI technologies which are 
currently and rapidly penetrating industrial sectors at those levels remain essentially narrow AI 
systems. This is due to the lack of self-adaptiveness in the AIs capability to assimilate and interpret 
new information outside of its predefined programmed parameters. This mean that AI systems are 
tailored for solving specific tasks on a specific predefined setting and changes in the underlying 
setting usually requires system adaption ranging from fine-grained parameter adaptations to fully-
fledged re-design and re-development of AI systems. 
TEAMING.AI project aims to make a breakthrough in smart manufacturing by introducing greater 
customisation and personalisation of products and services in AI technologies. Through a new 
human and AI teaming framework manufacturing processes will be optimised: the greatest 
strengths of both these elements can be maximised while safety and ethical compliance guidelines 
are examined and maintained. 
TEAMING.AI project aims at a human AI teaming framework that integrates the strengths of both, 
the flexibility of human intelligence and scale-up capability of machine intelligence. Human AI 
teaming is equally motivated to meet the increased need for flexibility in the maintenance and 
further evolution of AI systems, driven by the increasing personalization of products and service, 
as well as tackling the barriers of user acceptance and ethical challenges involved in the 
collaborative environments where artificial intelligence will be used, so that AI can be considered 
a “teammate” rather than as a threat. 

TEAMING.AI expected results: 
• Novel Human-AI teaming platform based on knowledge-graphs and relational ML 
• Auditable Ethics  

Considered Use Cases [FAR, IAL, GOI] 
quality inspection, agile production, explainability, process diagnostics, injection moulding, harm 
prevention in human-ai collaboration  
D1.1 Analysis report on human-AI teaming variants 
Bernhard Moser  
bernhard.moser@scch.at 

https://www.teamingai-project.eu/ 

 
  



Towards AI powered manufacturing services, processes, and products in an edge-to-cloud-knowlEdge 
continuum for humans [in-the-loop]  – www.knowlEdge-project.eu 

 
 

 
D2.3 Market Radar and Technology Adaptations (Updated) - Vs: 2.7 - Public 73 / 86 

XMANAI 
Explainable Manufacturing 
Artificial Intelligence 

 
What is artificial intelligence (AI) and how does it work? For many people, these questions are not 
easy to answer: this is due to the fact that many machine learning and deep learning algorithms 
cannot be examined after their execution. The EU-funded XMANAI project will focus on 
explainable AI, a concept that contradicts the idea of the ‘black box’ in machine learning, where 
even the designers cannot explain why the AI reaches a specific decision. XMANAI will carve out 
a ‘human-centric’, trustful approach that will be tested in real-life manufacturing cases. The aim is 
to transform the manufacturing value chain with ‘glass box’ models that are explainable to a 
‘human in the loop’ and produce value-based explanations. 
Despite the indisputable benefits of AI, humans typically have little visibility and knowledge on 
how AI systems make any decisions or predictions due to the so-called “black-box effect” in which 
many of the machine learning/deep learning algorithms are not able to be examined after their 
execution to understand specifically how and why a decision has been made. The inner workings 
of machine learning and deep learning are not exactly transparent, and as algorithms become more 
complicated, fears of undetected bias, mistakes, and miscomprehensions creeping into decision 
making, naturally grow among manufacturers and practically any stakeholder 
In this context, Explainable AI (XAI) is today an emerging field that aims to address how black 
box decisions of AI systems are made, inspecting and attempting to understand the steps and 
models involved in decision making to increase human trust. 
XMANAI aims at placing the indisputable power of XAI at the service of manufacturing and 
human progress, carving out a “human-centric”, trustful approach that is respectful of European 
values and principles, and adopting the mentality that “our AI is only as good as we are”. XMANAI, 
demonstrated in 4 real-life manufacturing cases, will help the manufacturing value chain to shift 
towards the amplifying AI era by coupling (hybrid and graph) AI ""glass box"" models that are 
explainable to a ""human-in-the-loop"" and produce value-based explanations, with complex AI 
assets (data and models) management-sharing-security technologies to multiply the latent data 
value in a trusted manner, and targeted manufacturing apps to solve concrete manufacturing 
problems with high impact. 

XMANAI.AI expected results: 
• Fair, Accountable and Transparent ML 
• Direct interoperable models 
• Explanation interfaces 
• Graph Native Learning 

Considered Use Cases [CNH, Ford, UNIMETRIK,Whirlpool] 
digital twin, knowledge graphs, natural language explanations, production optimization, tool 
change strategy, buffer stock management, predictive maintenance, sales demand forecasting, 
product range optimization, Business channel order to delivery process optimization 
D1.2: XMANAI Concept Detailing, Initial Requirements, Usage Scenarios and Draft MVP 

Michele Sesana https://ai4manufacturing.eu/ 
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michele.sesana@txtgroup.com 
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9 Conclusions 
AI is driving the new digital reinvention and I4.0. As described throughout this document, combined 
with other new technologies such as the IIoT, the Digital Twin or Edge Computing, AI can transform 
not only core operations, but also the experience of workers and customers as well as business models 
themselves. The manufacturing sector has taken the undisputed lead when it comes to AI adoption in 
industrial automation. Business considerations around efficiency, cost, quality improvement or safety 
make AI a perfect solution to address the new challenges of industrial automation. Moreover, Industry 
5.0 is proposed in Europe as the solution to pursue prosperity harnessing digital transformation to 
implement resilience in a sustainable manner, increasing prosperity while not removing human 
workers. 
Although Europe has the lead in AI deployment according to survey studies, by the number of AI 
patents in the manufacturing sector US has a clear advantage, with China showing remarkable growth 
in recent years approaching European and Japanese levels. China has the best projected impact on its 
GDP from applying AI in the manufacturing sector, given the size of this business in its total 
economy. The applications with the most significant potential and that arouse the most interest in the 
industry are those related to core production services (e.g. quality testing, maintenance, logistics, 
product development, supply chain management). 
The degree of implementation and adoption by companies is growing and is expected to explode in 
the next few years in the three major industrial clusters (US, EU, Asia), with high expectations 
regarding increased profits and productivity. As part of the COVID-19 crisis, the AI rollout has been 
accelerated in the last 24 months. However, this euphoria is not without its challenges for companies 
to adopt it at scale. Internal issues such as dependence on legacy systems and the orchestration of 
company data or external issues such as new regulations or the immaturity of the labour market 
prepared for these new digital skills, especially in trustworthy and explainable AI, are obstacles that 
will have to be overcome in order to deploy AI to its full potential at scale. Companies understand 
the benefits of innovation investment, however, the associated costs and potential disruptions in day-
to-day operation generate investment reluctance, especially under the profitable growth pressure. The 
most significant barrier to adoption is the lack of a clear business case to justify the investment. 
Companies need a clear and robust business case to provide the basis for informed investment 
decision-making. 
Regarding the possible synergies with the AI4EU project, there is potential to integrate existing open-
source assets related to knowlEdge use cases and integrate some of the toolsets developed during the 
project into the AI4EU catalogue. The project is already part of the AI4EU portfolio and the 
knowlEdge use cases are being portrayed for the community. Other community-related activities will 
be engaged to disseminate the project results into the AI4EU fora as the activities advance. 
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Annex A: AIWATCH AI's keyword classification per domain 
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Annex B: History 
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Document History 

Versions • V0.0 (10/02/21) 

Contributions • Creation of first draft template, preliminar index 

Versions • V0.1 (22/02/21) 

Contributions • Extension of index with new sections, reflecting areas to be covered with current 
meta research 

Versions • V0.2 (12/03/21) 

Contributions • Introduction, questionnaire preparation 

Versions • V0.3 (18/03/21) 

Contributions • Work related with AI4EU assets 

Versions • V1.7 (15/06/21) 

Contributions • Prefinal version ready to review 

Versions • V1.8 (28/06/21) 

Contributions • Final version with review modifications 

Versions • V1.9 (18/03/22) 

Constributions • Update of AI4EU assets 

Versions • V2.0 (1/04/22) 

Contributions • Update of ICT38 projects information, outcomes and pilots 

Versions • V2.1 (20/04/22) 

Constributions • Industry 5.0 

Versions • V2.2 (01/05/22) 

Constributions • Update on education figures 

Versions • V2.3 (15/05/22) 

Contributions • Integration in AI4EU platform 

Versions • V2.4 (30/05/22) 

Contributions • Update on academic trends 
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Versions • V2.5 (03/06/22) 

Contributions • knowlEdge case studies in AI4EU platform 

Versions • V2.6 (10/06/22) 

Contributions • Update on global adoption figures 
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