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Abstract 

An unclear economic benefit is one of the biggest obstacles for companies to use AI applications in their 
production. Various methods exist for deriving the economic efficiency of AI applications in a company's 
own production, but these have to be considered individually for each use case. In addition, they rely on the 
statements of the software manufacturers with regard to efficiency gains, quality gains, and other KPIs. In 
the course of the FabOS research project, a concept was developed that uses Asset Administration Shells 
and ML clustering for the automated economic evaluation of AI applications in the production. 
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1. Introduction
The significance of AI applications in manufacturing has risen substantially in recent years [1]. Examples 
include predictive maintenance, quality control, demand forecasting, worker safety, managing resource 
efficiency [2] and many more. While the global market size for AI in manufacturing is expected to exceed 
USD 20 billion by 2028 [3], studies suggest that companies, especially small and medium-sized enterprises 
(SMEs), are hesitant to adapt the use of AI and Industry 4.0 (I4.0) in their production. One of the main 
reasons being the unclear economic benefits of adopting new technologies [4]. Several solution providers 
and consulting companies offer services to evaluate the implementation and use of such AI applications. 
While such analyses show good results, they are very time consuming and labour intensive. Furthermore, 
they are highly individual and do not scale for similar problems. 

To give manufacturers a solution to get fast feedback that integrates in a digital production and that can be 
adapted for a variety of AI application use cases the question arose: Is it possible to automate economic 
evaluation for AI applications in the production? 

In this publication, we will first present the background that is needed to understand the methods used to 
build a proof of concept for evaluating AI applications in the production economically. These include the 
economic evaluation of production applications, digital twins represented by Asset Administration Shells 
(AAS) and Clustering powered by Machine Learning (ML). After that, we present a concept that combines 
these methods, in order to run the proposed evaluation automatically and discuss how it differs from current 
state of the art methods. At the end, we will discuss what further research needs to be done to use the 
developed concept in a real world production environment. The developed prototype from this publication 
is part of the research project FabOS. The goal of the FabOS project is “to provide a platform-based operating 
system for production that follows the principles of a dedicated operating system and offers an open 
architecture and interfaces in distributed infrastructures to operate AI-supported services securely and in real 
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time” [5]. To achieve this, FabOS has a strong focus on data sovereignty and the use of digital twins in the 
form of AAS. 

2. Background

2.1 Economic Evaluation 
The economic evaluation of new systems or products is a fundamental aspect of business management.  The 
impact of new systems can be distinguished between quantitative (i.e. cost reduction or productivity 
increase), qualitative (i.e. worker health and safety) and strategic (i.e. competitive advantages) categories, 
whereby the quantitative in static and dynamic aspects separate. Well-known methods of economic 
evaluation exist with the general approach being a cost-benefit analysis. Quantitative static methods include 
cost comparison calculation, comparative income statement and profitability comparison [6]. For dynamic 
evaluations, methods like the net present value or the internal rate of return method can be used [7]. These 
methods focus on weighing up costs, risks and benefits. The combination of all costs involved, static and 
dynamic can be calculated as a total cost of ownership. A special method that concentrates on the evaluation 
of the acquisition costs of new machines is life cycle costing [8]. This method takes into account all costs 
incurred over the entire life cycle of a machine and a calculated machine hourly rate in order to make well-
founded decisions about long-term investments. It can also be adapted for the evaluation of software 
purchases by taking into account the costs of licences, maintenance, support and possible upgrades over the 
useful life. In contrast to cost evaluation, key performance indicators (KPIs) such as throughput times, 
utilisation rates, quality rates or overall equipment effectiveness (OEE) capture the benefits of an application 
in production. In order to evaluate non-quantifiable benefits, such as increased worker safety, companies can 
use questionnaires and consult experts to quantify these benefits. A cost-benefit analysis is essential in order 
to make well-founded investment decisions. The fulfilment of the value proposition by the provider is a 
critical variable. The challenge is to estimate in advance whether the predicted benefits can actually be 
realised. The evaluation described in chapter 3 and 4 was done using a combination of the static quantitative 
methods mentioned here while deriving parts of the machine life cycle costing and qualitative effects from 
questionnaires with manufacturers and software developers. 

2.2 State of research 
All of the methods mentioned above (and more) are regularly used in the economic evaluation of AI 
applications. Current publications focus on new approaches to economic evaluation of manufacturing 
processes without integrating the use of digital twins, like Sharp et al. (2022) for risk-based investment 
analysis for condition monitoring systems [20]. Caccamo et al. (2022) focus on using digital twins as means 
for an economic evaluation without benefiting from the use of a connected dataspace with historical use case 
data [21]. Beckers et al. (2022) discuss an extensive approach of economic evaluation through digital twins, 
a shared dataspace and even integrate the use of process data [22]. They focus on a single process sequence 
of manufacturing pinion shafts, but state that the used “metadata is diverse and the technology-specific 
metadata creates the challenge of defining a uniform semantic across all processes”. To overcome these 
limitations, the proposed concept in this paper provides a generalized approach for different types of 
machines and AI applications by relying on the use of standardized Asset Administration Shells as digital 
twins and ML clustering, both of which are shortly presented in the following chapters. 

2.3 Asset Administration Shell (AAS) as digital twins 
The AAS is a virtual, digital and active representation of an I4.0 component in an I4.0 system [5, 19]. This 
can be a machine but also a software component such as an AI application or another component, generally 
called the Asset. The Asset Administration Shell is a representation of that Asset in the digital world - see 
Figure 1. 
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The AAS consists of a body and a header. The header contains administrative information for the 
communication with external systems and data for the identification and functionality of all sub-components. 
The body of the AAS is divided into several sub-models. The sub-models may contain model-data, 
applications or reference other components (therefore sub-models can be nested inside each other). The body 
part of the model contains the actual information about the asset and methods. The benefits of using the AAS 
as a digital representation lies in its standardized and structured design. It lays the ground for an interoperable 
I4.0 environment of machines and software components. It can be implemented into existing infrastructure 
due to the modular and nested approach of its data representation. Therefore, it is well suited for retrofitting 
machines with a data layer to be used in data processing applications. Such applications include data pre-
processing for AI training and clustering algorithms (see next chapter). 

An open-source implementation of these concepts is Eclipse BaSyx, a middleware that enables the use of 
I4.0 components, AAS and a Software Development Kit (SDK), enabling development and deployment of 
I4.0-ready components [9]. To store the AAS information and make it available to every asset in a network 
a BaSyx AAS server can be used as data manager. 

 

 
Figure 1: Asset Administration Shell (based on [10]) 

2.4 Clustering for machine and AI application data 
Clustering is an unsupervised learning problem whereby the aim is to separate subsets of entities with one 
another based on some notion of similarity. Therefore, clustering can be used to separate large data sets into 
different categories. While numerous methods exist like K-means [11] normal mixtures [11], power iteration 
clustering (PIC) [12], latent dirichlet allocation (LDA) [13] and many others, it is important to choose the 
right algorithm for the corresponding clustering problem. Each algorithm has their own benefits and 
drawbacks. Software libraries like scikit-learn [14] or frameworks like Apache Spark [15] offer a wide range 
of comprehensive solutions for different approaches, which help to determine a fitting solution. In the end, 
different approaches need to be tested in order to find the best solution for one’s problem. 

Using one of the many methods that allow numerical feature extraction from text, like one-hot encoding (one 
of the simplest and widely used encoding methods [16]), meta data like names and manufacturers from 
machines and applications, can be used when considering different clusters for i.e. types of machines. A 
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simple example for the clustering of machines by discrete text data for the machining type and material used 
is shown in Figure 2 (for visual purposes the machines of each cluster do not overlap). 

 
Figure 2: Example of clustering machines by material and machining type 

Different indices exists to evaluate the results of the clustering. I.e. indices like the Silhouette Coefficient 
[17] or the Davies-Bouldin Index [18] represent the “similarity” of clusters by measuring distances between 
elements in the clusters. Many other methods and indices exist and as with clustering methods, the right 
evaluation method needs to be found individually for the specific clustering problem. The algorithms and 
methods used in a proof of concept of this work will be discussed in chapter 4. 

3. Solution concept 
Bringing together existing concepts like AAS and ML clustering we propose a new concept for the economic 
evaluation of AI applications in the production that differs from the presented apporaches in chapter 2.2. As 
part of the research project FabOS the concept is based on the assumption that a service using this concept 
is running in a network of a connected shop floor where digital twins of machines and Applications exist. 
To answer the question posed in the introduction, whether it possible to automate economic evaluation for 
AI applications in the production, three things can be considered.  

 If a dataset of digital twins of machines and their manufacturing processes exists and it is big enough, 
you can cluster machines together that are similar and do similar (but not the same) working steps. 
I.e. woodworking machines that cut hardwood planks with sawblades at least 5m long, etc. 

 If a dataset of digital twins of AI applications and their software processes exists and it is big enough, 
you can cluster applications together that are similar and do similar (but not the same) working steps. 
I.e. applications that visually monitors the moving boundaries of a robotic arm for a specific type of 
arm, etc. 

 Given a dataset of machines that run AI applications, you can find clusters where similar machines 
run similar AI application that had a positive effect on production if the dataset contains KPIs about 
the productivity of the machine 
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These considerations result in a straight forward approach to use digital twins of both machines and AI 
applications (both represented in AAS) and clustering algorithms to check whether a new AI application is 
economically viable for a manufacturer to use in combination with a machine that is already running on the 
shop floor. An automated service that helps a manufacturer to evaluate the potential use of an AI application 
for a specific machine economically is proposed to follow the these steps: 

 The service finds a cluster of machines in a dataset that are similar to the machine on the shop floor 
by comparing the AAS data 

 The service finds a cluster of AI applications in a dataset that are similar to the AI application that 
the manufacturer wants to use by comparing the AAS data 

 The service searches a dataset where machines from the corresponding cluster used AI applications 
from the corresponding cluster and collects data on KPI changes before and after the AI application 
was used 

 The service calculates the mean KPI changes across the machines and AI applications and projects 
these KPI changes to a cost benefit analysis of the own shop floor 

 The results are displayed to the user via a frontend user interface and the manufacturer can decide 
whether the use a specific AI application is economically viable or not 

 If the AI application is then used on the machine, the service can update the datasets with new 
information about changes in relevant KPIs to make the system “learn” with every iteration. 
 

It is possible to combine step one to three in a single dataset by tracking historical production data for 
machines with and without AI applications, but there are multiple benefits from keeping separate datasets to 
use them for different use cases in an I4.0 dataspace. In Figure 3 we see the possible real world scenario. 
The arrows represent the flow of AAS data. The relevant AAS data from the machine and the AI application 
is provided by the Assets themselves and managed by an AAS server. The evaluation service requests the 
data from the AAS server and uses it for comparing with the backend datasets. It is irrelevant for the example 
whether the backend is running locally, on an edge system or on a cloud system where the different 
company’s sites might be interconnected with one another. 
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Figure 3: AAS data flow in a real world scenario 

As stated in chapters 2.2 - 2.4 the benefits of this approach, in comparison to existing concepts, are the 
standardized structure of the metadata stored in the AAS, which promotes interoperability in a shared 
dataspace. Furthermore, it is well suited for integrating this concept into retrofitted machines due to its 
modular approach of  asset descriptions. The approach of using ML clustering to compare machines and AI 
applications with historical data in a database provides a generalized used across different use cases and 
machine types. In Addition, the comparison with other machines and AI applications and the calculation of 
the final evaluation can be done in the background automatically. Depending on the needs of the 
manufacturer, the database could be accessed via a cloud service or directly on premise. The user only needs 
to enter the data for the specific use case that is not covered by the AAS (i.e. cost of the machine, interest 
rate, residual proceeds, price of the work piece, worker compensation, etc.). Once this is done, any AI 
application that might be introduced to this machine can be evaluated automatically. Even if data changes, 
either the AAS can be updated or the specific datum can be changed manually and the evaluation is re-done 
automatically. 

4. Proof of concept 
During the research project FabOS, project partners provided a real world use case. A tooling machine would 
be fitted with acoustic sensors in order to measure differences in vibrations and sounds for different working 
processes. The acoustic data would be evaluated using an AI application to avoid system wear, reduction of 
the risk of system malfunction and failure, improvement of work piece quality and reduction of noise 
pollution (due to unwanted vibrations). This would result in less downtime for the machine and fewer 
deployments of service workers for repairs. 

Based on this use case a proof of concept was implemented using python. Since there are no viable digital 
twins of thousands of machines and AI applications, datasets were artificially generated and used only small 
feature vectors of size 6 and 9 respectively. The AAS of the machine and the AI application to be evaluated 
were directly uploaded to a BaSyx AAS server but could be simulated by Docker containers as “real” assets 
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in a network. Since only small feature vectors were used, the K-means algorithm, showed good results 
working with one-hot encoded datasets. Several sizes of datasets were tested ranging from one thousand to 
one million. With larger datasets showing more accurate results. 

The cost benefit analysis was conducted as described in chapter 2.1 with data from the real world use case. 
The data from the use case was derived from extensive questionnaires with manufacturers and software 
companies regarding the use of their AI applications and machines. Key figures like production throughput, 
machine downtime, personnel costs, maintenance and repair costs, energy costs, material costs, etc. were 
calculated automatically from the provided data. In the end, the answer to the question whether using the AI 
application in this specific use case is worth it or not, is irrelevant for this publication, since it relies heavily 
on the entered data from the project participants. 

5. Critical discussion & further research 
The research shows that a proof of concept works with simulated datasets and small feature vectors. The 
accuracy of a service based on the proposed concept is speculative and highly dependent on the quality of 
the datasets provided. Therefore, the scalability of the proof of concept provided in this publication is also 
limited by these factors. Furthermore, the challenge of acquiring enough adequate data in a real world 
environment is substantial due to the lack digital maturity in many production companies. With real digital 
twins from tenth of thousands of machines and AI applications with huge feature vectors, the viability of the 
concept needs to be tested. Especially the feature definition needs to be fine-tuned in order to identify 
different clusters decisively in the datasets. This includes the revisiting of different clustering, encoding and 
learning methods to yield optimal results for different and bigger features and datasets. Furthermore, 
different cost benefit analyses need to be tested in a real world environment, to determine the most accurate 
model for AI applications in the production. This might include an AI system that learns from comparing 
projected benefits of different cost benefit analyses with realized benefits after a few weeks or month of 
production. Even different cost benefit analyses for different machine-application combination use cases 
might be optimal. 

Data security and data sovereignty are crucial when considering sharing digital twins of machines and AI 
applications with public or semi-public databases. Today most companies are reluctant to share such data. 
Particularly, when adding information on how much AI applications improved production KPIs. Therefore, 
it is important to improve connected dataspaces and the sovereign use of the data provided by them in order 
to use the benefits of concepts that rely heavily on the use of such data. German/European dataspaces that 
might provide such datasets in the future could be managed by organisations and initiatives like the Gaia-X 
Ecosystem, the Manufacturing-X initiative, Industrial Dataspace (IDS) or Plattform I4.0. 

Nevertheless, the benefits of this concept lie in the scalability and adaptability for different environments. 
Once a firm database is established, it can be adapted by a wide range of tooling manufacturers with minimal 
changes to the underlying calculations and data structures and with minimal to no involvement from experts. 
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